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Abstract

Background Renal cell carcinoma (RCC) is a prevalent malignancy with highly variable outcomes. MicroRNA-15a
(miR-15a) has emerged as a promising prognostic biomarker in RCC, linked to angiogenesis, apoptosis, and prolifera-
tion. Radiogenomics integrates radiological features with molecular data to non-invasively predict biomarkers, offer-
ing valuable insights for precision medicine. This study aimed to develop a machine learning-assisted radiogenomic
model to predict miR-15a expression in RCC.

Methods A retrospective analysis was conducted on 64 RCC patients who underwent preoperative multiphase
contrast-enhanced CT or MRI. Radiological features, including tumor size, necrosis, and nodular enhancement, were
evaluated. MiR-15a expression was quantified using real-time gPCR from archived tissue samples. Polynomial regres-
sion and Random Forest models were employed for prediction, and hierarchical clustering with K-means analysis
was used for phenotypic stratification. Statistical significance was assessed using non-parametric tests and machine
learning performance metrics.

Results Tumor size was the strongest radiological predictor of miR-15a expression (adjusted R?=0.8281, p <0.001).
High miR-15a levels correlated with aggressive features, including necrosis and nodular enhancement (p < 0.05),
while lower levels were associated with cystic components and macroscopic fat. The Random Forest regression
model explained 65.8% of the variance in miR-15a expression (R?=0.658). For classification, the Random Forest classi-
fier demonstrated exceptional performance, achieving an AUC of 1.0, a precision of 1.0, a recall of 0.9, and an F1-score
of 0.95. Hierarchical clustering effectively segregated tumors into aggressive and indolent phenotypes, consistent
with clinical expectations.

Conclusions Radiogenomic analysis using machine learning provides a robust, non-invasive approach to predict-
ing miR-15a expression, enabling enhanced tumor stratification and personalized RCC management. These findings
underscore the clinical utility of integrating radiological and molecular data, paving the way for broader adoption
of precision medicine in oncology.
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Background

Renal cell carcinoma (RCC) is one of the most common
malignancies of the urinary system in adults and is asso-
ciated with a substantial mortality rate worldwide [1].
Despite advances in surgical, targeted, and immunother-
apeutic approaches, clinical outcomes in RCC continue
to vary widely [2, 3]. Precision medicine aims to tailor
treatment strategies for individual patients by integrating
clinical, laboratory, and molecular-genetic information,
making it particularly relevant for prognostic assess-
ment [4—6]. Accurate survival prediction in RCC patients
using reliable biomarkers not only facilitates optimal
therapeutic decision-making but also enhances long-
term outcomes [1, 7]. Consequently, identifying novel
and clinically relevant prognostic factors is crucial for
improving management strategies in RCC [8].

MicroRNAs (miRNAs) are small non-coding ribo-
nucleic acid (RNA) molecules that play a crucial role in
post-transcriptional gene regulation and contribute sig-
nificantly to the initiation and progression of various can-
cers, including RCC [9-11]. Mounting evidence indicates
that aberrant miRNA expression not only influences
tumorigenesis and metastatic dissemination but also rep-
resents a promising diagnostic and prognostic biomarker
[12, 13]. Among these, miR-15a has garnered particu-
lar attention for its involvement in key oncogenic path-
ways, including angiogenesis, proliferation, and apoptosis
[14-19]. MiR-15a is encoded by a gene on chromosome
13q14-3. Its downregulation has been observed in mul-
tiple malignancies, including prostate cancer, chronic
lymphocytic leukemia, nasopharyngeal carcinoma,
malignant melanoma, glioma, and breast cancer, indicat-
ing a tumor-suppressive role. By targeting several onco-
genes, such as B-cell lymphoma 2 (BCL2), myeloid cell
leukemia 1 (MCL1), cyclin D1 (CCND1), and Wnt fam-
ily member 3A (WNT3A), miR-15a promotes apoptosis
and restricts cellular proliferation, thereby contributing
to tumor suppression [20-22].

Numerous studies have highlighted the diagnostic and
prognostic significance of miR-15a in RCC, linking its
dysregulated expression to more aggressive disease char-
acteristics, increased metastatic potential, and reduced
overall survival (OS) [23-25]. This may be attributed to
the regulation of pri-miR-15a nuclear binding by protein
kinase Ca (PKCa), which plays a critical role in endothe-
lin-1 (ET-1)-mediated signaling—a pathway known
to contribute to tumor progression. ET-1 signaling is
involved in key processes such as tumor angiogenesis,
proliferation, and metastasis, and may therefore play a
significant role in RCC pathogenesis [26, 27]. In addi-
tion, miR-15a is involved in the noncanonical nuclear
factor kappa B (NF-kB) pathway, which regulates apop-
tosis resistance, angiogenesis, and multidrug resistance.
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Meanwhile, the von Hippel-Lindau (VHL) gene func-
tions as a negative regulator of NF-kB [28, 29]. Previously,
we reported that miR-15a detected in urine samples
could serve as a non-invasive diagnostic biomarker for
RCC [30], whereas its tissue expression was identified
as a significant prognostic marker for OS in clear cell
RCC (ccRCC) [31]. This body of evidence highlights
the significance of miR-15a as a biomarker for both risk
stratification and potential targeted therapies. Evaluating
miR-15a expression levels may provide valuable insights
for improved patient stratification and the development
of personalized treatment strategies [10, 32—35].

However, in real-world clinical settings, comprehen-
sive molecular-genetic analyses are not always feasible,
posing limitations to the use of microRNAs as biomark-
ers. With advancements in modern imaging modalities
and high-throughput molecular assays, radiogenomics
has emerged as an innovative approach that integrates
radiological features with genomic and transcriptomic
data [5, 36]. This non-invasive approach allows clini-
cians and researchers to correlate specific imaging phe-
notypes (e.g., from MRI or CT) with distinct gene and
miRNA expression profiles, providing valuable insights
into intratumoral heterogeneity [37-39]. Radiogenomic
models hold significant potential for reliably predicting
microRNA expression, which, in turn, may enhance risk
stratification and support more personalized treatment
strategies for RCC patients [40]. In the context of RCC,
radiogenomic analysis has the potential to predict the
expression of key molecular markers, such as miR-15a,
reducing the need for tissue biopsies and advancing the
goals of precision medicine [41-43]. Moreover, the per-
sonalization of RCC management through molecular and
imaging-based biomarkers continues to evolve, reflect-
ing a broader shift toward individualized therapeutic
decision-making.

Material and methods

Aim

This study aimed to develop and validate a radiogenomic
approach, assisted by machine learning, for the non-inva-
sive prediction of miR-15a tissue expression in RCC.

Compliance with ethical standards

This retrospective study was approved by the Bioethi-
cal Committee of Danylo Halytsky Lviv National Medi-
cal University (protocol #5, dated 25.05.2015). All
procedures adhered to the ethical guidelines established
by institutional and national research committees, in
accordance with the principles of the 1964 Helsinki Dec-
laration and its later amendments or equivalent ethical
standards. The study was conducted between 2015 and
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2024. Written informed consent was obtained from all
patients prior to inclusion in the study.

Study design

This study employed a machine learning-assisted radiog-
enomic strategy to predict miR-15a expression in RCC.
Radiological features derived from preoperative imaging
were integrated with molecular data and analyzed via
Random Forest and polynomial regression models. By
correlating these imaging-based predictors with miR-15a
expression, we aimed to establish a non-invasive frame-
work for enhanced tumor stratification and personal-
ized RCC management. The overall study workflow is
depicted in Fig. 1.

Characteristics of participants

After a careful retrospective selection from the archived
medical records of 286 RCC patients, 64 cases were
included in the analysis. The inclusion criteria were as
follows: adult patients with a pathologically confirmed
clear cell RCC (ccRCC) subtype; surgical treatment per-
formed as either partial nephrectomy (n=14; 21.88%)
or radical nephrectomy (n=50; 78.12%); and preopera-
tive abdominal multiphase contrast-enhanced computed
tomography (MCECT) and/or contrast-enhanced MRI
with satisfactory image quality. The exclusion criteria
included non-ccRCC histology, a history of preoperative
treatment for RCC, absence of a postoperative patho-
logical report, and/or unavailability of formalin-fixed
paraffin-embedded (FFPE) tissue specimens containing
preserved RCC samples for analysis.
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The gender distribution was as follows: 37 men
(57.81%) and 27 women (42.19%). Patients’ ages ranged
from 47 to 68 years, with a mean age of 61.2 +6.33 years.
Tumor sizes ranged from 3.2 to 11.8 c¢cm, with an aver-
age of 8.52+3.59 cm. No cases of distant metastasis
were observed. Staging was performed according to the
American Joint Committee on Cancer (AJCC) Tumor,
Node, Metastasis (TNM) classification, while pathologi-
cal classification followed the World Health Organiza-
tion (WHO) system. Tumor grading was assessed using
the International Society of Urological Pathology (ISUP)
grading system, which categorizes RCC into four prog-
nostic grades based on histological features. A detailed
clinical analysis of the patients is presented in Table 1.

miRNA isolation from paraffin-embedded tissue

To investigate miR-15a expression in RCC tissues, FFPE
specimens containing postoperatively preserved RCC
samples were retrieved from archives. Tissue samples
were deparaffinized, and RNA was isolated using the
PureLink™ FFPE RNA Isolation Kit (Applied Biosys-
tems, USA) following the manufacturer’s protocol. RNA
concentration was measured using a NanoDrop ND1000
spectrophotometer (NanoDrop Technologies Inc., USA).

qPCR data

The expression of miR-15a was quantified using reverse
transcription followed by real-time quantitative poly-
merase chain reaction (qQPCR). Reverse transcription was
performed using the TagMan"' MicroRNA Reverse Tran-
scription Kit (Applied Biosystems, USA) with a specific
primer for miR-15a and 10 ng of total RNA. Real-time
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Fig. 1 The figure depicts the workflow of the study
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Table 1 Clinical characteristics of the patients
Subgroup N Mean Age, years Age Std Dev, Mean Tumor Size,  Tumor Size Std Dev, Percentage
years cm cm
Gender
Male 37 64.27 5.86 4.88 3.77 57.81
Female 27 47.12 6.25 11.07 33 42.19
Tumour site
Right 30 56.94 742 7.25 429 46.88
Left 34 64.06 525 4.03 3.62 53.12
Stage
T1aNO 13 4945 7.55 42 261 20.31
T1bNO 10 57.81 7.53 5.14 3.64 15.62
T2aNo 16 5732 6.6 6.09 3.96 25.0
T2bNO 8 57.58 7.57 7.03 2.75 125
T3aNO 9 48.08 513 797 271 14.06
T3aN1 2 61.39 6.37 891 39 312
T3bNO 1 50.25 7.37 9.86 272 1.56
T3bN1 5 5829 6.78 10.8 378 781
ISUP Grade
ISUP Grade 1 15 60.35 5.95 9.79 3.29 2344
ISUP Grade 2 14 64.79 532 948 4.27 21.88
ISUP Grade 3 22 65.22 6.01 1031 3.03 34.38
ISUP Grade 4 13 53.98 6.24 11 373 2031

ISUPThe International Society of Urological Pathology, Std Dev Standard deviation

qPCR was conducted using TagMan" MicroRNA Assays
(Applied Biosystems, USA), with U6 snRNA (ID 001973)
as an endogenous control and hsa-miR-15a (ID 000389)
as the target miRNA.

The thermal cycling conditions were as follows: initial
denaturation at 95 °C for 10 min, followed by 50 cycles
of 95 °C for 15 s and 60 °C for 60 s. Expression levels of
miRNA were normalized to U6 snRNA and expressed in
relative units (RU), which represent the relative quantifi-
cation of miR-15a expression using the AACt method in
qPCR analysis. Amplifications were performed on a 7500
Fast Real-Time PCR system (Applied Biosystems, USA),
and results were analyzed using the 7500 Fast Real-Time
PCR software package.

CT examination

An abdominal MCECT was performed using a Bright-
Speed 16 multislice CT scanner (General Electric®,
USA). Scans were acquired with the patient in the
supine position using a spiral acquisition method in
the craniocaudal direction. To minimize motion arti-
facts, patients were instructed to hold their breath
during the scans. The scanning protocol followed
the manufacturer’s guidelines with the following

parameters: spiral density=5.0 mm, pitch=1.375:1,
speed=27.50 mm/rotation, interval=5.0 mm, gan-
try tilt angle=80.0°, FOV=46x46 cm, kV=130,
mA =350, and total radiation dose=20-30 mSv. The
total examination time ranged from 10 to 20 min.

MCECT imaging was performed in four phases: non-
contrast phase (NCP), corticomedullary phase (CMP),
nephrographic phase (NP), and excretory phase (EP).
CMDP, characterized by bright enhancement of the renal
cortex with minimal enhancement of the medulla, was
captured 35-40 s after contrast injection. NP, defined
by homogeneous enhancement of both the cortex and
medulla without contrast excretion into the collect-
ing system, was performed with a delay of 70-75 s.
EP, marked by contrast excretion into the collecting
system, was obtained after 8—10 min. The contrast
medium, either iopromide or iohexol, was adminis-
tered intravenously at 1-1.2 mL per kg of body weight
through an 18-gauge needle inserted into the antecu-
bital vein. The injection was delivered at a flow rate of
3 mL/s using a semi-automated power injector (Dual
Shot alpha 7, Nemoto®, Japan), followed by 40 mL of
saline. No adverse reactions to the contrast medium
were observed. To prepare for the examination, patients
fasted and consumed 1.5 L of fluid beforehand.
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MRI protocol

An abdominal contrast-enhanced MRI was performed
according to a standardized protocol using a 1.5 T body
scanner (Signa HDxt, General Electric, USA) with an
eight-channel phased-array body coil. The imaging pro-
tocol included the following sequences and parameters:

1. Coronal T2-weighted Single-Shot Fast Spin Echo
(SSESE): TR=2625 ms, TE=90 ms, flip angle=90°,
field of view (FOV)=40x40 cm, matrix=200X% 192,
breath-hold. Provides essential T2-weighted anatom-
ical information.

2. Axial 2D Fat-Saturated Fast Imaging Employ-
ing  Steady-State  Acquisition (FIESTA  FAT
SAT): TR=4.1 ms, TE=1.8 ms, flip angle=90°,
FOV=40%40 cm, matrix=224x320. An ultrafast
pulse sequence that generates high-resolution images
with excellent contrast and a high signal-to-noise
ratio (SNR). Compared to other steady-state pulse
sequences, FIESTA minimizes signal saturation and
motion artifacts, offering superior image quality.

3. Axial  Diffusion-Weighted = Imaging  (DWI):
TR=12,000 ms, TE=90 ms, FOV=40%x40 cm,
matrix=200X% 192, number of excitations (NEX) =3,
bandwidth =250 kHz, diffusion direction =slice, slice
thickness =6 mm, interscan gap=1 mm, b-values=0
and 600 s/mm? acquisition time=17 s. Conducted
before contrast administration using a single-shot
echo-planar imaging sequence with parallel imaging
and fat saturation, performed during a single breath-
hold.

4. Axial T1-weighted Fast Spoiled Gradient-Recalled-
Echo Dual Echo (FSPGR-DE): TR=130 ms,
TE=21 ms and 4.3 ms, flip angle=70"
FOV =43 %43 cm, matrix=320x% 192, breath-hold.

5. Axial T2-weighted Fast Recovery Fast Spin Echo
(FRFSE): TR=8750 ms, TE=78 ms and 132 ms, flip
angle=90°, FOV =44 x44 cm, matrix =384 X 192.

6. Sagittal T2-weighted SSFSE: TR=1760 ms,
TE=874 ms, flip angle=90°, FOV=37x37 cm,
matrix =384X256.

7. Axial 3D Fat-Saturated T1-weighted Spoiled Gra-
dient Echo (LAVA): TR=4.5 ms, TE=2.2 ms, flip
angle=15°, FOV=38x38 cm, matrix=320%192.
This sequence was conducted during and after the
administration of gadopentetate dimeglumine at a
dose of 0.1 mmol/kg body weight as a bolus injection.
Imaging was performed with 20-s intervals between
each breath-hold acquisition. The protocol combines
contrast-enhanced multiphase imaging with high
resolution, large coverage, and uniform fat suppres-
sion. LAVA acquires thin, overlapping slices in a sin-

Page 5 of 21

gle breath-hold, providing high in-plane resolution.
Multiple acquisitions were obtained to capture arte-
rial and venous phases, enabling detailed anatomical
and vascular assessment. Maximum intensity projec-
tion (MIP) post-processing further enhanced vascu-
lar visualization.

Image analysis and selection of RCC radiologic features
Preoperative imaging was performed using CT in
41 cases (64.06%) and MRI in 23 cases (35.94%). All
images were transmitted to a picture archiving and
communication system (PACS) for interpretation using
workstations. CT and MRI image features were inde-
pendently evaluated by two board-certified radiolo-
gists with extensive experience in urogenital radiology,
who were blinded to miR-15a expression. For CT and
MRI data processing, RadiAnt DICOM Viewer (https://
www.radiantviewer.com) was used.

A detailed topographic characterization was per-
formed for all renal lesions, including assessment of
tumor maximal diameter (in centimeters) and locali-
zation by site and pole (upper, middle, or lower). Only
qualitative tumor features were selected for radiomic
analysis. Radiological tumor parameters were cho-
sen based on their detectability using both contrast-
enhanced CT and MRI, as well as their frequency of
occurrence to allow for statistical analysis. As a result,
the following imaging features were included in the
analysis:

1. Morphological features:

a) Shape: round, oval, irregular, or lobulated;

b) Margins: well-defined, ill-defined, infiltrative, or
encapsulated;

c) Growth pattern: exophytic (>50% of the tumor
extending beyond the kidney contour), endo-
phytic, mixed, or multicentric;

d) Pseudocapsule presence: complete, incomplete,
or absent;

e) Cystic components: present or absent;

f) Necrosis: present or absent;

g) Calcifications: present or absent;

h) Fat content: presence of macroscopic fat;

2. Enhancement patterns: homogeneous, nodular, rim
enhancement, or septal/wall enhancement.

3. Tumor vascularity: hypervascular, hypovascular, or
avascular.

4. Tumor-parenchyma interface: sharp, infiltrative, or
obscured.
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Primary statistical analysis

Descriptive statistics were used to summarize the
patients’ baseline demographic and tumor character-
istics. Comparisons of categorical variables were con-
ducted using the Pearson Chi-square test or Fisher’s
exact test. The normality of miR-15a expression dis-
tribution was assessed using the Shapiro—Wilk test
(W=0.531, p=0.001). As the W-statistic was signifi-
cant (p <0.05), the assumption of normal data distribu-
tion was rejected. Consequently, differences between
groups were evaluated using the nonparametric Mann—
Whitney U test. Correlation analysis was performed
using the Pearson method. A p-value of <0.05 was con-
sidered statistically significant.

Statistical analysis was conducted to assess the rela-
tionship between miR-15a expression and radiological
tumor features. For categorical variables (e.g., pres-
ence or absence of necrosis, cystic components, mac-
roscopic fat), the Kruskal-Wallis test was used to
evaluate differences in miR-15a expression across
categories. Pairwise post hoc comparisons were per-
formed using Dunn’s test with Bonferroni correction
to adjust for multiple comparisons. For continuous
variables (e.g., tumor maximal diameter), the associa-
tion between miR-15a expression and tumor size was
assessed using Spearman’s rank correlation coefficient
due to the non-normal distribution of miR-15a expres-
sion. A linear regression analysis was performed to
evaluate whether necrosis or other radiologic features
confounded the relationship between tumor size and
miR-15a expression.

A hierarchical clustering analysis was conducted to
explore the relationships between radiologic tumor
features, tumor size, and miR-15a expression levels.
Data were standardized to ensure comparability across
variables, and clustering was performed using Ward’s
method with Euclidean distance as the metric. A heat-
map was generated to visualize the clustering results.

Radiogenomic analysis and machine learning

A polynomial regression model was constructed to
determine the association coefficients between miR-15a
expression and tumor radiological parameters, includ-
ing tumor size, cystic components, exophytic growth,
necrosis, macroscopic fat, and nodular enhancement.
Model accuracy was assessed using the Fisher method
(adjusted R?).

To evaluate the model’s effectiveness, a machine
learning approach was employed. The dataset was split
into a training set and a test set to assess the model’s
ability to generalize to new, unseen data:
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o Training set (70% of the data): This portion of
the data was used to train the model. The model
"learned" from the training data by adjusting its
parameters (e.g., coefficients in regression models)
to minimize the loss function or maximize the like-
lihood of correct predictions.

o Test set (30% of the data): After training, the model’s
performance was evaluated on the test set, a portion
of the data not used during training, providing an
objective assessment of the model’s ability to general-
ize to new data.

For Step 1 (predicting miR-15a expression), a Ran-
dom Forest regression model was applied to evaluate the
importance of radiological features, with mean squared
error (MSE) used to measure model accuracy. A decision
tree was also constructed for visualization.

For Step 2 (classifying low vs. high miR-15a expres-
sion), a Random Forest classifier was employed to catego-
rize miR-15a expression as "Low" (<0.10 RU) or "High"
(>0.10 RU). Model performance was assessed using pre-
cision, recall, and F1-score, while the AUC from ROC
analysis was used to evaluate model discrimination. The
threshold 0of<0.10 RU for miR-15a expression was cho-
sen based on our previous study, which identified that
miR-15a expression above this level was associated with
poorer survival outcomes in ccRCC patients [31].

To assess the potential impact of a healthy control
group (negative dataset) on model performance, we
incorporated 15 FFPE normal renal specimens from a
prior study [31]. A secondary Random Forest model was
trained on the combined dataset, and performance was
compared using R%

All models were trained and tested using a training/test
split methodology to evaluate generalization. K-means
clustering was applied to radiological features, including
tumor size, and the data were visualized in a 3D scat-
ter plot using principal component analysis (PCA) for
dimensionality reduction.

Statistical analysis was conducted at a significance
level of p<0.05 using Excel v.2019, SPSS v.22, R software
(v.3.3.2), and Python (SciPy library, v.1.1).

Results

Primary statistical analysis

The mean miR-15a expression in patients with RCC was
1.52+2.62 RU. A significant association, determined
using the Kruskal-Wallis test, was found between miR-
15a tissue expression and several radiological tumor
parameters: tumor maximal diameter (p=0.003), cystic
components (p=0.017), exophytic growth (p=0.011),
necrosis (p=0.008), macroscopic fat (p=0.024), and
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nodular contrast enhancement pattern (p=0.021). No
significant correlation was observed between miR-15a
expression and other radiological features (p>0.05). The
analysis revealed that radiological features such as cystic
tumor components, exophytic growth, necrosis, mac-
roscopic fat, and nodular contrast enhancement were
identified in 29.69%, 23.44%, 32.81%, 20.31%, and 37.50%
of patients, respectively. Presented below is an analy-
sis of miR-15a expression in relation to those radiologic
features.

Cystic tumor components

Mean miR-15a expression was significantly lower in
tumors with cystic components (0.35+1.02 RU) com-
pared to those without (2.01 +£2.93 RU; p <0.05). Tumors
with cystic components exhibited a narrow interquartile
range (0.07 RU), indicating low variability in miR-15a
expression. In contrast, tumors without cystic compo-
nents displayed greater variability (IQR=4.54 RU), sug-
gesting heterogeneity in expression levels.

Exophytic growth

Tumors with exophytic growth had markedly lower miR-
15a expression (0.34 + 1.09 RU) compared to tumors with
endophytic or mixed growth (1.88+2.85 RU; p<0.05).
The skewness (3.85) and kurtosis (14.86) values for exo-
phytic growth indicate a strong positive skew and a lepto-
kurtic distribution, suggesting that a few high-expression
outliers contribute to increased variability.

Necrosis

Tumors with necrosis demonstrated the highest miR-
15a expression (3.45+3.19 RU), significantly elevated
compared to tumors without necrosis (0.57+1.63 RU;
p<0.05). The wide interquartile range for tumors with
necrosis (6.23 RU) reflects substantial heterogeneity
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in expression levels, which may correlate with diverse
underlying tumor biology and progression rates.

Macroscopic fat

The lowest levels of miR-15a expression were observed
in tumors with macroscopic fat (0.30+0.87 RU), sig-
nificantly reduced compared to those without fat com-
ponents (1.83+2.83 RU; p<0.05). Interestingly, the
minimum expression value (0.01 RU) was consistent
across both groups, but the maximum expression for
tumors with macroscopic fat (3.18 RU) was considerably
lower than for those without (9.25 RU).

Nodular contrast enhancement

Tumors with nodular enhancement showed high miR-
15a expression (2.91+3.24 RU) compared to tumors
without this feature (0.68+1.72 RU; p<0.05). The range
of expression for tumors with nodular enhancement
(9.23 RU) and its associated interquartile range (5.65 RU)
underline considerable variability, potentially reflecting a
link to heterogeneous vascular characteristics.

Table 2 and Fig. 2 provide a summary of miR-15a
expression across different tumor radiologic features in
RCC. The violin plots of miR-15a expression by radiolog-
ical features are presented on Fig. 3.

A strong positive correlation was identified between
the tumor size in the largest section in patients with
ccRCC and the expression level of miR-15a, with a Pear-
son correlation coefficient of 0.724 (p <0.001), Fig. 4.

In a set of linear regression models (Supplementary
Table S1), we examined tumor size, necrosis, cystic com-
ponents, exophytic growth, macroscopic fat, and nodular
enhancement in both univariate and multivariate con-
texts. While necrosis alone displayed a significant asso-
ciation with miR-15a (adjusted R?*~0.26, p<0.001), it
became non-significant (»p=0.27) and did not improve

Table 2 Summary of miR-15a expression across tumor radiologic features in RCC

Tumor Radiologic Feature N Mean,RU Median,RU Std 95% Confidence Min., Max., Skewness Kurtosis Interquartile
Dev,RU Interval for Mean, RU RU Range, RU
RU
Cystic Components: Yes 19 0.35 0.04 1.02 (-0.14,0.84) 0.01 427 3.65 13.77 0.07
Cystic Components: No 45 201 0.16 293 (1.13,2.89) 0.01 9.25 117 -0.19 4.54
Exophytic Growth: Yes 15 034 0.04 1.09 (-0.26,0.94) 0.01 4.27 3.85 14.86 0.05
Exophytic Growth: No 49 1.88 0.15 2.85 (1.06, 2.69) 0.01 9.25 1.28 0.14 3.65
Necrosis: Yes 21 345 298 3.19 (1.99,4.90) 005 925 0.36 -1.36 6.23
Necrosis: No 43 057 0.04 1.63 (0.07,1.08) 0.01 726 325 9.73 0.13
Macroscopic Fat: Yes 13 03 0.02 0.87 (—0.23, 0. 82) 0.01 3.18 3.56 12.77 0.08
Macroscopic Fat: No 51 183 0.14 2.83 (1.03,262) 0.01 9.25 131 021 413
Nodular Enhancement:Yes 24 291 1.1 324 (1.54,4.28) 0.02 9.25 0.67 -1.15 5.65
Nodular Enhancement:No 40 0.68 0.05 172 (0.13,1.23) 0.01 6.63 273 6.24 0.13

RU relative units, Std Dev Standard deviation
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Fig. 3 The violin plots of miR-15a expression by radiological features

the adjusted R? (~0.50-0.52) once tumor size was
included. These findings indicate that necrosis does
not confound the link between tumor size and miR-15a
expression.

Hierarchical clustering grouped tumors into distinct
patterns based on radiologic features, tumor size, and
miR-15a expression. Radiologic features, including cystic
components, exophytic growth, necrosis, macroscopic
fat, and nodular enhancement, formed separate clus-
ters, while tumor size and miR-15a expression clustered
independently due to their continuous variability. Larger

Presence Absence Presence Absence Presence

tumors were associated with aggressive radiologic fea-
tures, such as necrosis and nodular enhancement.

High miR-15a expression was predominantly observed
in tumors lacking macroscopic fat and cystic compo-
nents, suggesting a potential link to aggressive tumor
phenotypes. In contrast, low miR-15a expression was
more common in tumors with benign characteristics,
such as macroscopic fat and cystic components. Notably,
necrosis and nodular enhancement frequently clustered
together, while cystic components showed an inverse
relationship with these aggressive features. The clustering
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results distinctly separated tumors into aggressive versus
benign phenotypic groups, aligning with clinical expecta-
tions (Fig. 5).

Machine learning-assisted radiogenomic analysis

In constructing a nonlinear regression model, tumor size
was identified as the most significant predictor of miR-
15a expression among radiological RCC features. When
used as the sole predictor, tumor size yielded an adjusted
R? of 0.8281 (p <0.001), explaining 82.81% of the variance
in miR-15a expression, Fig. 6.

The polynomial model demonstrated associations
between radiologic features and the predictive out-
come. Positive effects were identified for the presence of
tumor necrosis (coefficient: 0.4085) and nodular contrast
enhancement (coefficient: 0.3326), consistent with their
established roles in tumor aggressiveness and vascular-
ity. Negative associations were noted for the presence of
exophytic growth (coefficient: —0.3382) and macroscopic
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fat (coefficient: —0.2048), reflecting their less invasive or
indolent characteristics. The absence of cystic compo-
nents (coefficient: 0.3172) was linked to more solid and
potentially aggressive tumors. While individual features
lacked statistical robustness, their combined effects were
considered to enhance the predictive accuracy of radiog-
enomic model, as summarized in Table 3. Figure 7 pre-
sents a chart illustrating the regression coefficients and
standard errors for radiologic characteristics used in a
predictive model, demonstrating the predictors’ relative
importance and the model’s ability to capture nonlinear
relationships.

When tumor size was combined with the aforemen-
tioned radiological features to predict miR-15a tissue
expression, the results improved further, yielding an
adjusted R* of 0.8336 (p<0.001). In other words, 83.36%
of the variance in miR-15a expression could be accounted
for by the polynomial model (degrees of freedom =2).

4+ @ Observed Data 12
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Fig. 6 Nonlinear association between log miR-15a expression and log RCC tumor size (df=2)

Table 3 Statistical coefficients of the polynomial model predicting miR-15a expression based on RCC radiological features

Radiological characteristics of the tumor Coefficient value Standard error t Pr(>|t|)
Constant 15798 1.9440 0.813 0419852
Log(Tumor Size), Degree of Freedom 1 —8.4927 2.1705 -3913 0.000249
Log(Tumor Size), Degree of Freedom 2 3.1016 0.5923 5236 2.55e-06
Absence of cystic tumor component 03172 0.2688 1.180 0.243005
Presence of exophytic growth of RCC>50% —-0.3382 0.2849 —-1.187 0.240242
beyond the kidney contour

Presence of tumor necrosis 0.4085 0.3242 1.260 0.212925
Presence of macroscopic fat —0.2048 0.3150 —-0.650 0498233
Presence of nodular contrast enhancement 0.3326 0.2854 1.165 0.248904
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Fig. 7 Regression coefficients and standard errors for RCC radiologic characteristics in the predictive model. Legend: Visualization of regression
coefficients (horizontal bars) and standard errors (whiskers) for RCC radiologic characteristics in the predictive model

A predictive equation was developed based on the
obtained data to estimate the tissue expression of miR-
15a using the radiological features of RCC. In the equa-
tion, the term "tumor size" should be substituted with the
numerical value of the RCC size in its largest dimension
(in cm). For other radiological tumor parameters, their
names should be replaced with either 1 or 0, reflecting
the presence or absence of the feature (as specified in
parentheses), as shown in Eq. 1.

log(miR — 15a) = 1.5798 — 8.4927 x log(tumor size)log(tumor size)® + 0.3172 x cystic component(no = 1, yes = 0)

Machine learning-assisted validation of model
effectiveness

Step 1: predicting miR-15a expression

The regression model, incorporating tumor size and
radiological features (e.g., cystic components, exo-
phytic growth, necrosis, macroscopic fat, and nodular
enhancement), demonstrated moderate accuracy in
predicting miR-15a expression as a continuous vari-
able. Variable importance analysis using both polyno-

(1)

— 0.3382 x exophytic growth(yes = 1,no = 0) + 0.4085 X necrosis(yes = 1,no = 0)

— 0.2048 x macroscopic fat(yes = 1, no = 0) + 0.3326 x nodular enhancement(yes = 1,no = 0)

where log(miR-15a) represents the logarithm of miR-15a
expression.

To facilitate the use of the developed model, we created
and visualized a scoring scale for assessing the radiologi-
cal parameters of RCC, assigning each parameter a cor-
responding coefficient, Fig. 8.

mial regression and Random Forest models consistently
identified nodular enhancement as the most significant
predictor, followed by necrosis and tumor size (Fig. 9).
In the Random Forest model, tumor size showed
a stronger direct contribution than in the polyno-
mial regression analysis, underscoring its importance
in non-linear relationships. Features such as cystic
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Fig. 8 Scoring scale for RCC radiological parameters predicting miR-15a expression via polynomial regression
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Fig. 9 Variable importance analysis for Step 1
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Fig. 10 Random Forest model for Step 1

components, macroscopic fat, and exophytic growth
contributed less to the prediction (Fig. 10).

The model achieved an R? of 0.658, explaining 65.8%
of the variance in miR-15a expression, with a root mean
square error (RMSE) of 1.454 RU. Residual analysis
revealed no systematic biases, though variability in resid-
uals suggested reduced performance for certain samples.

In assessing whether the inclusion of a healthy control
group enhances radiogenomic model performance, we
observed that the R? coefficient notably decreased from
0.658 to —1.54, indicating reduced model explanatory
power and increased variance. A statistical comparison

“Tumor maximal size = 10 45
O

Tumor maximal

0.4 0.6 0.8

Importance (Random Forest)

of prediction errors between models (t-test, p=0.46)
confirmed that the differences were not significant.
These findings suggest that adding control samples did
not improve prediction accuracy and instead increased
model variance.

To enhance interpretability, a decision tree was con-
structed to visualize the splits in the data based on
feature importance. This provided an intuitive repre-
sentation of how variables like nodular enhancement,
necrosis, and tumor size contributed to predicting
miR-15a expression (Fig. 11). While decision trees are
less accurate than Random Forest models, they offer

Tumor maximal size = 10 55
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I

Tumor maximal
squared_errt
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squared e o3 squared_error = 4.487
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va\ue 0 317
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value = 0.023 value = 0.059 value = 0.1 value = 0.16 va\ue 0 415
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Fig. 11 Decision tree for Step 1
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Fig. 12 Confusion matrix for Step 1

valuable insights into the decision-making process of
the regression model.

Additionally, for interpretative purposes, the regres-
sion outputs were converted into binary classifications
using a threshold of<0.10 RU to create a confusion
matrix (Fig. 12). This allowed an evaluation of the regres-
sion model’s ability to approximate classification out-
comes. However, this approach was auxiliary and aimed
at offering additional interpretability, as Step 1 primarily
focuses on predicting miR-15a expression as a continu-
ous variable.

Step 2: classifying low vs. high miR-15a expression

A logistic regression model and a Random Forest clas-
sifier were employed to classify miR-15a expression as
"Low" (<£0.10 RU) or "High" (>0.10 RU). Both mod-
els included tumor size and radiological features as
predictors.

Variable importance analysis in both approaches con-
sistently highlighted nodular enhancement as the most
significant predictor, reaffirming its central role in dis-
tinguishing low and high expression levels. Necrosis and
tumor size followed as important contributors, while fea-
tures like cystic components, macroscopic fat, and exo-
phytic growth had lower contributions (Fig. 13).

The Random Forest model provided additional inter-
pretability by highlighting non-linear contributions of
tumor size and interactions with other features, com-
plementing the logistic regression findings (Fig. 14). The
classification models achieved exceptional performance,
with the logistic regression model achieving a precision
of 1.0, recall of 0.9, and an F1-score of 0.947.

A decision tree classifier was constructed to visual-
ize the feature splits for classifying low vs. high miR-15a
expression. The tree highlighted key decision points,
such as thresholds for nodular enhancement and necro-
sis, which aligned with their importance in distinguishing
between expression levels. This graphical representation
provided an accessible means of interpreting the classifi-
cation model’s decision-making process (Fig. 15).

The ROC analysis demonstrated perfect discrimina-
tion (AUC=1.0), showcasing the model’s ability to differ-
entiate between low and high miR-15a expression levels
effectively.

The confusion matrix further supported these findings,
showing only one false negative, with all other predic-
tions being correct (Fig. 16). This performance under-
scores the robustness of the classification models and the
central role of vascular and tumor-related radiological
features in stratifying miR-15a expression levels, Table 4.
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Fig. 13 Variable importance analysis for Step 2
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Fig. 14 Random forest model for Step 2

The 3D scatter plot was used to illustrate the spatial and nodular enhancement. Using K-means clustering,
distribution of patients based on PCA derived from key the data were separated into two distinct groups, reflect-
radiological features—tumor size, cystic components, inginherent patterns in the radiological characteristics of
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Fig. 15 Decision tree for Step 2

renal tumors. The clusters were found to be visually well-
separated, suggesting a strong association between radio-
logical phenotypes and underlying tumor biology. One
cluster was observed to likely represent tumors with less
aggressive features (e.g., smaller size, presence of cystic
components, absence of nodular enhancement), which
are correlated with lower miR-15a expression levels. In
contrast, the other cluster appeared to include tumors
with more aggressive radiological features (e.g., larger
size, nodular enhancement), associated with higher miR-
15a expression (Fig. 17).

Discussion
Radiogenomics, which integrates imaging phenotypes
with genomic data, has emerged as a crucial tool in oncol-
ogy [37, 41, 42]. This study highlights the potential of
radiogenomic analysis for predicting miR-15a expression
in RCC, demonstrating robust performance and advanc-
ing non-invasive approaches to tumor stratification.
miR-15a has emerged as a significant prognostic marker
in RCC, with elevated levels associated with higher tumor
grades, reduced overall survival, and resistance to apop-
tosis. These effects are linked to its modulation of key
oncogenic pathways, including the Phosphoinositide
3-Kinase/Protein Kinase B/Mechanistic Target of Rapa-
mycin (PI3K/Akt/mTOR) pathway, vascular endothelial
growth factor-mediated angiogenesis, and the BCL2-reg-
ulated apoptotic pathway [8, 11, 19, 23, 25]. Our previous

False

research demonstrated poorer survival rates in patients
with high miR-15a tissue expression, highlighting its
potential for enhancing RCC risk stratification [31, 34].

The analysis revealed significant variations in miR-15a
expression across radiologic RCC features. High miR-15a
expression in tumors with necrosis suggests its involve-
ment in pathways associated with tumor progression and
metastasis, consistent with previous findings highlight-
ing the role of miRNA regulation in aggressive RCC phe-
notypes [23, 25, 31]. Similarly, the correlation between
nodular enhancement and elevated miR-15a expression
reinforces its prognostic significance, as vascular patterns
often reflect tumor angiogenesis and invasion [25, 33].

Nodular enhancement was the most influential feature
in our predictive models, with tumors exhibiting nodu-
lar enhancement showing significantly higher miR-15a
expression (2.91+3.24 RU) compared to those with-
out (0.68+1.72 RU, p<0.05). This finding aligns with
Bowen et al., who demonstrated that vascular patterns,
including nodular enhancement, are strongly associated
with aggressive RCC subtypes [43]. Our model’s feature
importance analysis identified nodular enhancement
as the top predictor, reinforcing its relevance for tumor
aggressiveness and angiogenesis.

Our findings confirm necrosis as a significant predic-
tor of high miR-15a expression, with tumors showing
necrosis demonstrating a mean expression of 3.45+3.19
RU, significantly higher than tumors without necrosis
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Table 4 Confusion matrix results with metrics for Steps 1 and 2
Step True Negatives False Positives False Negatives True Positives Accuracy Precision Recall F1-Score
Step 1 8 1 9 0.85 0.82 0.90 0.86
Step 2 10 1 9 0.95 1.0 0.90 0.95

(0.57 £1.63 RU, p <0.05). These results align with Marigli-
ano et al., where entropy-related features from CT imag-
ing showed strong correlations with miR expression
in aggressive RCC phenotypes [40]. Our study further
demonstrates the value of heterogeneity metrics such as
skewness and kurtosis, which underscore the biological
complexity of necrotic regions.

Conversely, tumors with macroscopic fat exhibited
the lowest miR-15a expression in our study (0.30+0.87
RU, compared to 1.83+2.83 RU in fat-free tumors,
p<0.05). This supports findings by Greco et al., which

linked fat-containing tumors to lower aggressiveness
based on radiogenomic lipid metabolism signatures
[41]. These results collectively emphasize that mac-
roscopic fat is a key marker of less aggressive tumor
phenotypes. Additionally, the low miR-15a levels asso-
ciated with cystic components and exophytic growth
further underscore its potential in differentiating indo-
lent from aggressive lesions, thereby contributing to
personalized treatment planning.

Hierarchical clustering in our study effectively strati-
fied tumors into aggressive and indolent phenotypes.
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Fig. 17 3D scatter plot of radiological features, including tumor size, with K-means clustering

Tumors with necrosis and nodular enhancement clus-
tered together with larger tumor sizes, while those with
cystic components and macroscopic fat formed distinct
clusters linked to lower miR-15a expression. This clus-
tering approach mirrors the findings of Bowen et al.
[43], where radiogenomic subtyping revealed similar
clustering patterns for aggressive versus indolent RCC
phenotypes.

Machine learning models in this study demonstrated
strong predictive performance for miR-15a expression
using radiological features. Regression and classification
models consistently highlighted the importance of nodu-
lar enhancement, necrosis, and tumor size in predicting
miR-15a expression and stratifying patients into expres-
sion groups. This aligns with findings from Khaleel et al.,
where radiogenomic studies showed that integrating
radiological features with genomic data enhanced predic-
tions of molecular and clinical outcomes in ccRCC [36].
Similarly, radiomics and machine learning approaches
have been effectively used to assess gene expression and
mutational status, further supporting the inclusion of
comprehensive radiological data in predictive modeling
[42].

Despite initial lack of standalone statistical signifi-
cance, the inclusion of radiological features in the poly-
nomial regression model significantly improved its
predictive accuracy for miR-15a expression. Tumor
size alone accounted for 82.81% of the variance in miR-
15a expression (adjusted R*=0.8281, p<0.001). How-
ever, integrating features such as nodular enhancement,
necrosis, exophytic growth, and cystic components fur-
ther enhanced model performance (adjusted R*=0.8336,
p<0.001). Notably, Marigliano et al. found that combin-
ing texture features from CT images with miRNA expres-
sion data provided valuable non-invasive insights for
cancer characterization [40].

Machine learning validation underscored the predic-
tive contributions of radiological features, even when
they lacked significance in isolation. The Random For-
est model emphasized the dominant role of nodular
enhancement, occasionally surpassing tumor size in
predictive strength. These findings are consistent with
insights from advanced radiogenomic studies, such as
those by Sindhu et al., where incorporating radiologi-
cal features into predictive models enhanced precision
and revealed non-linear interactions [6]. These results
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highlight the critical importance of multifactorial and
non-linear analyses in radiogenomic models.

Our Random Forest regression model achieved an
R? of 0.658, explaining 65.8% of the variance in miR-
15a expression, with a RMSE of 1.454 RU. In classifying
low and high miR-15a expression, our model achieved
an AUC of 1.0, demonstrating perfect discrimination.
The inclusion of a healthy control group was not found
to improve model performance, as R* significantly
decreased, likely due to the absence of imaging data in
healthy controls. This resulted in bias and increased
model variance, confirming that control samples did not
enhance predictive capability. Consequently, they were
excluded from the final model. These results surpass the
performance of models discussed in Wang et al., where a
multi-modal approach combining radiomics, deep learn-
ing (DL), and transcriptomics achieved an AUC of 0.864
for pathological grade prediction [42]. Our model, rely-
ing solely on radiological features, provides comparable
accuracy, highlighting its practical utility in resource-lim-
ited clinical settings.

Our model’s reliance on readily available radiologi-
cal features, coupled with its high predictive accuracy
(AUC=1.0, Fl-score=0.95), underscores its clinical
applicability. Unlike multi-modal approaches requiring
genomic data, our method offers a cost-effective solution
for non-invasive miR-15a prediction, suitable for diverse
healthcare settings.

The findings from K-means clustering, applied to radi-
ological features including tumor size and utilizing PCA,
supported the hypothesis that radiological features serve
as reliable non-invasive predictors of miR-15a expression.
This approach provides valuable insights for patient strat-
ification and personalized management in RCC. Moreo-
ver, the distinct separation between clusters underscores
the potential of machine learning to identify complex,
clinically relevant patterns within radiogenomic datasets.

By leveraging machine learning, this study demon-
strates the potential to uncover complex predictive
relationships, advancing the integration of imaging
and molecular data in cancer prognosis and personal-
ized treatment strategies. Furthermore, the scalability of
machine learning algorithms enables the application of
our model across diverse patient populations and imag-
ing modalities. Unlike traditional models, which may rely
on invasive tissue biopsies or limited clinical data, our
approach provides a cost-effective and non-invasive solu-
tion for miRNA-based risk stratification. This advance-
ment is particularly relevant in resource-limited settings,
where access to genomic testing is often restricted.
Future efforts should focus on validating these models in
larger datasets and integrating them into clinical work-
flows for RCC management.
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Although our primary goal was to develop a radiog-
enomic model for miR-15a prediction, we recognized
that necrosis, linked to more aggressive tumor behavior
and poorer outcomes [44], could confound the strong
relationship between tumor size and miR-15a. Con-
sequently, we conducted additional linear regressions
(Supplementary Table S1) to determine whether necro-
sis independently affected miR-15a once tumor size was
accounted for. The analysis demonstrated that necro-
sis was not a confounding factor, suggesting that the
observed association between tumor size and miR-15a
expression remained robust regardless of necrosis status.

This study has several limitations. First, the focus on
qualitative imaging features may limit the model’s pre-
dictive strength and applicability; future work should
include quantitative metrics like radiomic texture and
shape. Second, the analysis was restricted to ccRCC.
Third, the lack of external validation limits generalizabil-
ity. Finally, the retrospective design introduces potential
selection bias.

Conclusion

This study highlights the potential of machine learning-
assisted radiogenomic analysis in predicting miR-15a
expression in RCC. By linking radiological features with
molecular markers, it offers a non-invasive tool for tumor
stratification and personalized management. The find-
ings underscore the prognostic value of miR-15a and
its association with key radiological features, paving the
way for integrating radiogenomics into clinical practice.
Future research should focus on validating these results,
exploring additional imaging metrics, and uncovering
the biological mechanisms driving miR-15a expression,
advancing precision medicine and improving outcomes
for RCC patients.
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