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Abstract

Introduction

Clear cell renal cell carcinoma (ccRCC) is the most common and aggressive subtype of renal
carcinoma, characterized by high molecular heterogeneity and variable clinical outcomes.
Conventional prognostic models often lack the resolution to adequately stratify patient risk,
underscoring the need for integrative, data-driven approaches.

Material and methods

We developed a novel diagnostic and prognostic model for ccRCC using an artificial intelligence-
based machine learning approach (random forest algorithm) integrating pathomics and transcriptomic
data. Whole-slide histopathological images and transcriptomic data were obtained from the TCGA-
KIRC cohort. Radiomic features were extracted from histological slides, and gene modules related to
tumor progression were identified using Weighted Gene Co-Expression Network Analysis (WGCNA).
These modalities, together with clinical variables, were incorporated into a custom machine learning
architecture to predict patient survival risk.

Results

The integrative model demonstrated strong predictive performance, effectively stratifying patients into
high- and low-risk groups with significant differences in overall survival (p < 0.001). Functional
enrichment analysis revealed that prognostic gene modules were associated with immune regulation,
angiogenesis, and cell cycle pathways, highlighting their relevance in ccRCC pathogenesis.

Conclusions

This study presents a novel, Al-driven framework that combines multi-omics and imaging data to
improve prognostic accuracy in ccRCC. The model offers potential utility in clinical decision-making
and personalized treatment strategies, and may serve as a foundation for future precision oncology
applications.
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Introduction

Clear cell renal cell carcinoma (ccRCC) is the most common subtype of renal cell carcinoma
(RCC), accounting for 70%-80% of all RCC cases [1]. Although surgery is the primary treatment
for early-stage ccRCC, nephrectomy, nephron-sparing surgery, and minimally invasive approaches
have demonstrated excellent outcomes, achieving cancer-specific survival rates exceeding 90% in
localized disease [2-4]. However, approximately 30% of patients experience recurrence and
metastasis after surgery, leading to poor prognosis [5, 6]. Additionally, ccRCC is usually insensitive
to chemotherapy and radiotherapy, making early diagnosis and accurate prognostic prediction
crucial [7]. Traditional prognostic assessments mainly rely on clinical and pathological
characteristics such as tumor size, stage, and grade [8], but these single clinical features often fail to
capture the complex biological nature of the disease, limiting the accuracy of prognostic evaluations
[9]. Therefore, developing more precise prognostic prediction tools for ccRCC through the
integration of multidimensional data has become a critical challenge in both clinical and research
settings.

In recent years, with the advancement of high-throughput sequencing technology,
transcriptomics data have provided new insights into the molecular mechanisms of ccRCC.
Multiple studies have shown that the development and progression of ccRCC are closely related to
various gene mutations, abnormal expression, and regulatory networks [10]. For instance, the
inactivation of the VHL gene is considered one of the primary driver events in ccRCC [11],
affecting the activity of the HIF signaling pathway [12], which promotes tumor angiogenesis and
cell proliferation. Additionally, abnormal expression of the TP53 gene has been associated with
uncontrolled tumor cell proliferation and increased tumor invasiveness [13]. Thus,
transcriptomics-based prognostic models can uncover molecular markers closely linked to ccRCC
prognosis, providing potential therapeutic targets for personalized treatment [14, 15]. Beyond
molecular-level research, radiomics has also emerged as a promising tool in ccRCC diagnosis and

prognostic prediction [16]. Radiomics, by extracting quantitative features from imaging data—such
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as texture, shape, and grayscale features—can capture tumor heterogeneity, microenvironment, and
biological behavior [17, 18]. These quantitative imaging features provide more comprehensive
tumor information compared to traditional imaging assessment methods, such as tumor size and
morphology, thus offering new insights for the precise diagnosis and prognostic evaluation of
ccRCC [19, 20]. However, challenges remain in the application of radiomics, such as the weak
correlation between imaging features and clinical characteristics and the need to improve model
generalizability. Therefore, combining radiomics with transcriptomics data through multi-omics
integrated analysis may offer a more comprehensive and accurate tool for prognostic prediction in
ccRCC.

The core rationale of this study lies in the fact that single clinical characteristics or molecular
markers are insufficient to fully capture the complexity of tumors. By integrating pathological
omics and transcriptomics data, alongside utilizing artificial intelligence and machine learning
techniques, we aim to identify key features related to ccRCC prognosis, thereby enhancing the
accuracy of predictive models. Furthermore, public databases such as The Cancer Genome Atlas -
Kidney Renal Clear Cell Carcinoma (TCGA-KIRC) provide high-quality datasets that include
imaging, gene expression, and clinical information from ccRCC patients, enabling multi-omics
integrated analysis. By developing a machine learning model based on radiomics and
transcriptomics data, this study not only improves the prognostic prediction capability for ccRCC
but also provides clinicians with a basis for personalized treatment, advancing precision medicine in
oncology. In conclusion, this project is closely aligned with the clinical needs and research frontiers
of ccRCC. Through the integration of multi-omics data and artificial intelligence technologies, it
offers an innovative framework and technical pathway for ccRCC diagnosis, prognostic prediction,

and personalized treatment.

Materials and methods

Collection of Clinical Data for ccRCC Patients



This study aims to develop an algorithmic model capable of accurately predicting the
prognosis of ccRCC patients through the integrated analysis of transcriptomics, imaging, and
clinical data. Relevant clinical data for ccRCC patients were collected from the TCGA-KIRC
database. The dataset includes 103 ccRCC patients (77 males; median age 59 years, ranging from
34 to 79 years), of which 81 patients underwent CT scans, 19 underwent MRI scans, and 3 received
both CT and MRI scans. Imaging features include tumor size (in mm), margins (clear or unclear
boundaries), composition (solid or cystic), necrosis in solid tumors (categorized as 0%, 1%-33%,
34%-66%, or >66%), and -calcification (present, absent, or indeterminate). Prognosis was
determined based on tumor growth pattern (entirely endophytic, <50% exophytic, or >50%
exophytic). The data used in this study were sourced from TCGA, which collects clinical data from

various locations worldwide, ensuring both accuracy and reliability.

Quality Control and Preprocessing of Imaging Data for ccRCC Patients

After processing the gene data, obtaining high-quality imaging data is a crucial step in
constructing the integrated analysis model. First, pixel matrix values from the source DCM files
were read and standardized to facilitate subsequent data processing, and a uniform naming
convention was applied to all images. Based on this data, the study utilized Radiomics algorithms to
extract features across eight different expression categories: first-order statistics, shape features,
texture features, wavelet features, fractal features, morphological features, gray-level region matrix
features, and image entropy features. A total of 116 features were extracted across these categories.
To improve the accuracy of prognosis predictions, Lasso regression was applied to filter these

features, aiding in the subsequent integration with gene data for further analysis.

Quality Control and Preprocessing of Clinical Data for ccRCC Patients
For the integrated analysis, this study performed basic preprocessing of the clinical data.

Several key features were normalized, and the growth pattern of ccRCC (Growth Pattern) was used



as the standard for prognosis. "Entirely Endophytic" (Class 0) indicates that the tumor is fully
endophytic, associated with a better prognosis; "<50% Exophytic" (Class 1) signifies that the
majority of the tumor is endophytic, indicating an intermediate prognosis; "=>50% Exophytic"
(Class 2) suggests that most of the tumor is exophytic, representing more severe disease and a poor
prognosis. Other clinical information, such as age, sex, and basic tumor characteristics, was
included as part of the clinical dataset. The visualization of the clinical features for 103 patients is

shown in Figure 1.

Quality Control and Preprocessing of Transcriptomics Data for ccRCC Patients

The TCGA-KIRC dataset includes over 60,000 gene features per patient. To improve the
accuracy of the prognostic model, this study first normalized the expression values of each gene
using Z-scores, adjusting the values to fall within the range of [-5, 5]. The visualization of gene data
for 103 patients is shown in Figure 2.

To reduce redundant features, a differential analysis was performed, resulting in the selection
of 20,000 key gene features. Based on this, the Weighted Gene Co-expression Network Analysis
(WGCNA) method was applied for feature analysis and data quality control, ensuring the integrity
and quality of the data to provide a high-quality foundation for training the prognostic model,
thereby enhancing its accuracy and reliability. After identifying the most important feature modules
through WGCNA, a correlation analysis was conducted between gene expression and the
previously extracted imaging and clinical data features to identify the most critical gene features.

The workflow for obtaining optimal gene features is illustrated in Figure 3.

Dataset Splitting and Model Validation Using Cross-Validation
To ensure that the constructed model maintains strong predictive performance on unseen data
and effectively prevents overfitting, the dataset was divided into training, validation, and testing sets.

A random sampling method was used, with the sample ratio set at 8:1:1 for the three datasets.



Specifically, 80% of the total samples were randomly selected as the training set for model training
and parameter adjustment. Then, 10% of the remaining 20% of samples were randomly selected as
the validation set to assess model performance and optimize hyperparameters. Finally, the
remaining 10% of the samples served as the test set for the final evaluation of the model's
performance.

In addition, cross-validation was employed during model training to assess performance.
Specifically, the dataset was divided into 10 subsets, with one subset serving as the validation set
and the remaining nine as the training set. This process was repeated 10 times, each time using a
different subset as the validation set. This method ensures that every data point is used for
validation once, with the final result being the average of all validation outcomes, providing a more
stable and reliable model evaluation. To ensure that other researchers can replicate the results of this
study, all data processing and model training parameters, code implementations, and
hyperparameter settings are documented and made public. The data set partition, pre-processing
steps, model training process and hyperparameter setting are provided in the form of documents to
ensure the repeatability and transparency of the research. Through this arrangement, other
researchers can conduct experiments under the same conditions, thus verifying the results and

conclusions of this study.

Construction of the Integrated Prognostic Model for ccRCC

In building the integrated prognostic model for ccRCC, the random forest was chosen as the
base model due to its advantages in feature fusion and joint analysis. The prognostic model
constructed in this study (Figure 4) ranks the importance of each feature based on its influence
across all decision trees, identifying the most impactful features on model predictions and
effectively analyzing feature interactions to enhance predictive power. Additionally, the model's
hyperparameters were fine-tuned to achieve optimal performance. Because the model uses multiple

decision trees, it exhibits strong robustness against noisy data and outliers. Moreover, its inherent



parallelization allows for simultaneous training of multiple decision trees, improving model training
efficiency. In summary, random forest enhances model performance by constructing multiple
decision trees, training on random samples and feature subsets, effectively analyzing feature
importance and interactions, and improving noise resistance and training efficiency, ultimately

boosting the model's predictive accuracy.

Statistical Analysis

In this study, we employed various software tools and statistical methods to construct and
evaluate predictive models for surgical outcomes and postoperative recovery. Programming and
data processing were primarily conducted in Jupyter Notebook, using Python for coding, and Visio
for visualization. Data processing and visualization were performed using the pandas and
Matplotlib libraries in Python. Statistical methods included data normalization, calculation of model
accuracy, sensitivity, and specificity, as well as performance evaluation through ROC curves and
confusion matrices.

During data processing, imaging and clinical feature data were normalized to eliminate scale
differences between different features. Simultaneously, gene data were normalized using Z-scores to
ensure that each feature contributes equally during model training, thereby improving the stability
and efficiency of the training process. After normalization, the data were converted into an array
format to facilitate subsequent feature extraction and model training.

During the model evaluation phase, we calculated the model's accuracy, sensitivity, and
specificity. These statistical metrics are primarily used to assess the model's performance in
real-world applications. Accuracy reflects the model's overall predictive capability, sensitivity
measures the model's ability to identify positive cases, and specificity evaluates its ability to
recognize negative cases. Calculating these metrics provides a comprehensive understanding of the
model's performance, ensuring its effectiveness in clinical applications.

Additionally, we utilized a confusion matrix to further evaluate model performance. The



confusion matrix provides detailed insights into the model's predictions across different categories,
helping to identify how well the model performs in specific cases. The selection of these statistical
methods is based on their widespread use and proven reliability in the medical field, offering robust
validation of the model's effectiveness.

To visualize the data, we employed the Matplotlib package to generate intuitive displays of the
arrays, showing the spatial characteristics of the samples and the model's performance. This
visualization not only aids in understanding the data distribution but also provides a clear
representation of the model's behavior under different conditions, offering valuable insights for
future research and clinical applications. By combining these statistical methods with visualization
techniques, we are able to more comprehensively validate the model's effectiveness and ensure its

reliability in practical use.

Results

Feature Extraction and Visualization of Imaging Data for ccRCC Patients

In this study, the imaging data collected from ccRCC patents were first normalized. Using the
open-source radiomics software package PyRadiomics, we extracted 116 features from the imaging
data, covering eight key categories: 1. Morphological features, including tumor volume, maximum
diameter, minimum diameter, long axis, short axis, surface area, volume ratio, and shape index. 2.
Texture features, such as gray-level co-occurrence matrix (GLCM) features, gray-level run-length
matrix (GLRLM) features, gray-level size zone matrix (GLSZM) features, and neighborhood
gray-tone difference matrix (NGTDM) features. 3. Shape features, including sphericity, roundness,
long axis ratio, and curvature. 4. Grayscale histogram features, including mean, standard deviation,
skewness, kurtosis, and entropy. 5. Wavelet features, representing features at different scales
obtained through wavelet transformations. 6. Model-based features, such as tumor growth pattern
and boundary clarity. 7. Radiomics features derived from radiomics algorithms, including vascular

density and perfusion rate. 8. Other features, including patient demographics such as age, sex, and
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tumor staging.

To identify the most important features, this study employed the Lasso regression method.
Lasso regression is a regularization technique that applies a penalty to the regression coefficients,
effectively eliminating irrelevant features and enhancing the predictive power of the model.
Through Lasso regression analysis, the research team ultimately selected 12 key features that are
closely associated with patient prognosis. A heatmap illustrating the similarity between these

selected features is shown in Figure 5.

Feature Extraction and Visualization of Gene Data for ccRCC Patients

This study utilized the WGCNA method [21, 22] to extract and visualize features from the
gene data of ccRCC patients, revealing relevant gene regulatory networks. Initially, the research
team integrated a dataset of 20,000 pre-filtered genes. The WGCNA algorithm was then applied to
analyze these genes, constructing a gene co-expression network. WGCNA is a systems biology
approach that groups genes with highly correlated expression into modules and performs functional
enrichment analysis for each module, uncovering interactions between genes. Through WGCNA,
the team identified 21 gene modules, each representing a group of highly correlated genes. To better
understand the functions of these gene modules, the team conducted functional analyses (Figure 6)
and presented the correlations between gene modules, functional enrichment results, and their
associations with clinical characteristics.

Additionally, to further analyze each gene module, we visualized the topological overlap
matrix between gene modules, as shown in Figure 7. The topological overlap matrix visualization
depicts the similarity between gene modules by considering both the internal connections within a
module and its connections to other modules, making it a more comprehensive reflection of
inter-module relationships compared to simple correlation analysis. By performing hierarchical
clustering on the topological overlap matrix, we grouped gene modules with high topological

overlap into clusters. These clusters typically represent gene sets with common functions or
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regulatory mechanisms, aiding in the understanding of gene functionality and interactions. Within
each gene module, genes with high topological overlap are often considered key genes, playing
significant roles in the module's functions. In summary, the topological overlap matrix offers a
complete understanding of the relationships between gene modules, facilitating subsequent module
identification, functional analysis, and key gene recognition and providing crucial insights into gene

functions and interactions.

Integrated Analysis of Clinical Data for ccRCC Patients

To further analyze the clinical characteristics of patients, we conducted a correlation analysis
between the gene modules, imaging data, and clinical features obtained in the study, as shown in
Figure 8.

As seen in Figure 8 A, Module 1 shows the highest similarity across all clinical features, with
the largest expression levels. Additionally, histological grade (HistGrade) of ccRCC, stage of
ccRCC, clinical axis length, and age are the most strongly correlated clinical features with the genes.
Similarly, Figure 8B reveals that Module 1 also has the highest similarity and expression levels
across all imaging features compared to other modules. In summary, the genes in Module 1 are most
strongly associated with both clinical and imaging data, making them the primary focus for further
analysis in the prognostic model training. This allows our model to concentrate on the most
important features, potentially identifying target genes or pathways for drugs aimed at suppressing

tumor growth and improving patient survival.

Division and Significance of Clinical Datasets for ccRCC Patients

After preprocessing, clinical data from a total of 103 patients were obtained. Of these, 9
patients were classified as having a favorable prognosis (Entirely Endophytic: Class 0), 49 were
classified with an intermediate prognosis (<50% Exophytic: Class 1), and 45 were classified with a

poor prognosis (=>50% Exophytic: Class 2). The dataset was then split into training, testing, and
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validation sets in an 8:1:1 ratio. The distribution of data across the different sets is shown in Table 1.

The preprocessing and division of clinical data for ccRCC patients provide a solid foundation
for subsequent model training and evaluation. With further research, we anticipate gaining a deeper
understanding of the prognoses of ccRCC patients, thereby offering more effective guidance for

clinical treatment.

Results and Visualization of the Prognostic Model for ccRCC Based on Integrated Analysis

After constructing the model, we compared the predicted results with the original prognosis
categories by calculating precision, recall, and F1l-score, as shown in Table 2. Due to the small
sample size, the results of the validation set were combined with those of the test set.

As shown in the table, the model meets certain prognostic standards and is capable of
providing relatively accurate prognostic predictions for ccRCC. Although the predictive
performance for Class 0 is suboptimal, the prognostic accuracy for Classes 1 and 2 is satisfactory. It
is important to note that Class 0 contains only nine patients, resulting in an extremely limited
sample size and a markedly imbalanced class distribution. This substantially contributes to the
reduced predictive performance observed for this group and represents a key aspect requiring
further improvement and validation. To further illustrate the accuracy of the model, we visualized
the confusion matrix, as shown in Figure 9.

Additionally, to analyze the highly expressed genes in ccRCC, we deconstructed the integrated
prognostic model and identified the top eight genes contributing most to the model. The
contribution of these genes is visualized in Figure 10.

From the analysis, it is evident that the eight genes with the highest weights are closely related
to ccRCC. The TP53 gene, known as a tumor suppressor gene, plays a crucial role in maintaining
genomic stability and preventing tumor development [23, 24]. It encodes the p53 protein, a
transcription factor that responds to various stress signals. In this study, patients with poor prognosis

exhibited negative expression of this gene, indicating that their TP53 gene could not adequately
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respond to the stress signals associated with ccRCC, leading to dysregulation in processes such as
cell cycle control, DNA repair, and apoptosis, ultimately allowing tumor growth and progression.
The VHL gene is the most frequently mutated gene in ccRCC, and mutations in VHL result in the
stabilization of the HIF-la protein, which promotes angiogenesis and tumor growth [25, 26].
Studies have suggested that VHL mutations may suppress TP53 mutations, as the loss of VHL
decreases cellular sensitivity to DNA damage, thus reducing the likelihood of TP53 mutations.
These findings confirm that our prognostic model correctly identifies the most important genetic

features, further demonstrating its strong predictive capability.

Discussion

RCC is one of the most common malignancies globally, with ccRCC representing the majority
of cases [27, 28]. However, existing clinical prognosis prediction methods are often limited by
single-source data [29], making it difficult to comprehensively reflect the complex biological
characteristics of tumors. Therefore, developing more integrated, multidimensional predictive
models holds significant clinical and research importance. In this study, we developed an innovative
prognostic prediction model for ccRCC based on an artificial intelligence-driven machine learning
approach (random forest ensemble model) integrating pathomics and transcriptomic data. The
model demonstrates significant research value and broad clinical application potential. As tumor
diagnosis and prognosis techniques rapidly advance, traditional single-source data are increasingly
insufficient for accurately diagnosing complex diseases [30]. By integrating multi-omics data and
analyzing both imaging features and gene expression, this study greatly enhances the accuracy of
ccRCC diagnosis. This interdisciplinary approach not only improves the model's ability to
differentiate patient prognoses but also provides a more scientific basis for personalized treatment,
promoting the integration of tumor research and clinical application.

In terms of data processing and model construction, the study applied Radiomics algorithms to

extract up to 116 features from imaging data of ccRCC patients, including morphological, texture,
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and grayscale histogram features. This rich imaging information provides a comprehensive
description of the pathological phenotype of ccRCC. Simultaneously, WGCNA was used to identify
key gene modules from extensive transcriptomics data, with these modules being closely associated
with ccRCC prognosis, particularly the TP53 and VHL genes, whose mutations are linked to
malignant biological behavior in ccRCC. The combined application of these imaging and genetic
features in the model significantly enhances the accuracy of prognostic stratification for ccRCC
patients, effectively distinguishing between groups with good, intermediate, and poor prognoses.

The most significant innovation of this study is the introduction of a prognostic prediction
model based on random forest, which integrates multidimensional tumor features. The random
forest model excels at handling complex datasets and interactions between multiple features. By
constructing multiple decision trees and ranking feature importance, the model accurately identifies
key features critical for prognostic prediction, such as tumor maximum diameter, boundary clarity,
and gene expression levels, greatly improving both the predictive power and stability of the model
[31-34]. Additionally, through cross-validation and testing set validation, the model demonstrates
high accuracy, sensitivity, and specificity, indicating strong generalizability.

From a clinical perspective, this model offers a novel tool for personalized treatment and
prognostic management of ccRCC patients. By applying the prognostic model, clinicians can assess
patient prognosis at an earlier stage and develop personalized treatment plans based on the model's
stratification results, thereby improving treatment efficacy and reducing unnecessary risks. For
patients with poor prognosis, the model aids in identifying specific high-risk genes, providing
critical theoretical support for the development and application of targeted therapies. Additionally,
the findings of this study can guide postoperative follow-up and treatment adjustments, ultimately
contributing to improved survival rates and quality of life for ccRCC patients.

It is important to emphasize that, in clinical practice, active surveillance is often a more
appropriate management strategy for elderly patients with significant comorbidities whose tumors

remain confined to the kidney. Numerous studies have demonstrated that, for localized renal cell
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carcinoma, radical nephrectomy, nephron-sparing surgery, and minimally invasive therapies can all
achieve cancer-specific survival rates exceeding 90% in the general population [2-4]. However,
such therapeutic benefits may not extend to older patients with multiple comorbid conditions. In
these individuals, mortality risk is more strongly driven by competing risks such as cardiovascular
and metabolic diseases, and the risks associated with aggressive surgical treatment outweigh any
potential oncologic benefit. Consequently, neither active intervention strategies nor the prognostic
prediction system developed in this study have meaningful clinical applicability for this patient
subgroup.

Despite its strengths, this study has several limitations that warrant cautious interpretation of
the findings. First, the model was built on 103 patients from the TCGA-KIRC cohort, representing a
relatively limited sample size. Notably, the favorable-prognosis group included only nine cases,
resulting in pronounced class imbalance that may lead to unstable parameter estimation, increased
risk of overfitting, and reduced predictive performance in low-risk patients. Second, the imaging
data exhibited substantial heterogeneity, encompassing CT, MRI, and combined imaging modalities.
Variability in imaging equipment, acquisition parameters, and contrast agent usage was not fully
standardized, which may affect the stability and reproducibility of radiomic features and introduce
potential bias. Furthermore, this study used tumor growth pattern as a surrogate endpoint for
prognosis. Although it correlates with tumor aggressiveness and postoperative outcomes, it remains
an indirect measure and cannot substitute for clinically meaningful endpoints such as overall
survival or disease-free survival. Due to the lack of complete imaging-survival paired data in the
TCGA imaging cohort, we were unable to construct survival-based prognostic models directly. In
summary, this work should be regarded as an exploratory starting point that integrates multi-omics
data with artificial intelligence methodologies. Future research should rely on multicenter,
large-scale cohorts with unified acquisition of imaging and survival data, accompanied by
standardized imaging workflows, expanded sample size, and model validation using OS/DFS

endpoints. Such efforts will be essential for improving the clinical generalizability and translational
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value of the proposed model.

In the future, with the continuous development of multi-omics data and machine learning
algorithms, the prognostic model proposed in this study could be further optimized and applied
more widely in clinical practice. Particularly in the era of personalized medicine, leveraging more
precise tumor characterization and clinical stratification tools could drive advances in the precision
diagnosis and treatment of ccRCC. Further multi-center large-scale studies and clinical trials will
help expand the application of this model across diverse patient populations, ultimately contributing
to improved survival rates and quality of life for ccRCC patients.

In conclusion, this study successfully developed a ¢ccRCC prognostic prediction model by
integrating imaging and genomic data, leveraging machine learning technologies. The model
demonstrates both innovation and practical utility, offering new insights for future cancer research

while advancing the application of precision medicine in the diagnosis and treatment of ccRCC.
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Figure Legends

Figure 1. Visualization of Clinical Feature Data.

Figure 2. Visualization of Gene Data.

Note: The above figure visualizes gene expression values for 103 patients. Red indicates higher
gene expression, while cyan indicates that the gene is not normally expressed and is negatively
expressed.

Figure 3. Workflow for Identifying Optimal Gene Features by Integrating Imaging and
Clinical Features.

Note: The WGCNA primarily involves six steps: calculating the direct correlation between genes
(gray module in the figure), determining the soft threshold for gene modules (gray module),
calculating the indirect correlation between genes (purple module), calculating the Euclidean
distance between gene modules (blue module), obtaining the gene tree pathway between gene
blocks (orange module), and dividing and cutting gene modules (yellow module). These methods
are combined to classify all genes, facilitating the subsequent integration of imaging data and
clinical features for analysis.

Figure 4. Prognostic Model Based on Random Forest Integrating ccRCC Genes, Imaging, and
Clinical Features.

Figure 5. Similarity Between Features Selected Through Lasso Regression.

Note: The 12 selected features are as follows: Maximum 2D Diameter Row (maximum
two-dimensional diameter of the tumor in the sagittal plane), Minor Axis Length (short axis length
of the tumor), Maximum Diameter (maximum tumor diameter), Perimeter (tumor region perimeter),
Pixel Surface (number of surface pixels in the tumor region), Gray-Level Non-Uniformity 1~3
(non-uniformity of gray level), Run Length Non-Uniformity (non-uniformity of running length),
Size Zone Non-Uniformity (non-uniformity of area size), Dependence Non-Uniformity (dependent
on non-uniformity), and Large Dependence Emphasis (gray-level dependence matrix). Each of

these features is crucial for prognosis, with a significant impact factor.
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Figure 6. Visualization of Gene Analysis Based on WGCNA.

Note: The WGCNA method transforms the direct correlation matrix into an indirect correlation
matrix to calculate the soft threshold. Using this soft threshold, the original correlation network is
converted into a scale-free network. (A) and (B) present the scale-free network in different
coordinate systems. (A) the vertical axis shows the evaluation metric 1 for the scale-free network.
The closer 12 is to 1, the more the network approaches a scale-free structure, with 1 typically
required to be greater than 0.8 or 0.9; (B) the vertical axis represents the mean connectivity, which
decreases as the B value increases. By combining these two metrics, we typically select the B value
where 1 first reaches 0.8, 0.9, or higher. This B value is then used to convert the correlation matrix
into an adjacency matrix, which represents the connections between nodes in the network and is key
to building the scale-free network; (C) shows a dynamic tree cut method applied to the topological
overlap matrix based on the scale-free network, revealing a co-expression network analysis where
each gene module contains co-expressed genes that share similar gene characteristics.

Figure 7. Visualization of the Topological Overlap Matrix Between Gene Modules.

Note: The values in the topological overlap matrix range from 0 to 1, with higher values indicating
greater similarity between gene modules. It is evident that smaller gene modules exhibit higher
similarity, while larger gene modules show lower similarity. This suggests that smaller gene
modules may share similar functions or regulatory mechanisms, whereas larger gene modules might
have distinct functions or regulatory mechanisms.

Figure 8. Evaluation of the Model.

Note: (A) shows the correlation analysis between gene modules and clinical features; (B) shows the
correlation analysis between gene modules and imaging data. In both figures, "Correlation"
represents similarity, with darker red indicating greater similarity. The size of the circles represents
the expression level of the gene modules for the given trait, with larger circles indicating higher
expression levels.

Figure 9. Visualization of the Confusion Matrix for Model Results.
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Figure 10. Contribution of the Top Eight Genes with the Highest Weight in the Prognostic

Model.
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Table 1. Sample distribution of data sets.

Class 0 Class 1 Class 2
(Entirely Endophytic) (<50% exophytic) (=>50% exophytic)

Tarin 36

6 40
Set

Test Set 1 4

Val Set 2 5 4

Total 9 49 45




Table 2. Results of the prognostic model.

Classification Precision Recall F1-score support
0 0.67 0.67 0.67 3
1 0.75 0.67 0.71 9

2 0.80 0.89 0.84 9
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Figure 1. Visualization of Clinical Feature Data.
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Figure 3. Workflow for Identifying Optimal Gene Features by Integrating Imaging and Clinical
Features.

Note: The WGCNA primarily involves six steps: calculating the direct correlation between
genes (gray module in the figure), determining the soft threshold for gene modules (gray
module), calculating the indirect correlation between genes (purple module), calculating the
Euclidean distance between gene modules (blue module), obtaining the gene tree pathway
between gene blocks (orange module), and dividing and cutting gene modules (yellow
module). These methods are combined to classify all genes, facilitating the subsequent
integration of imaging data and clinical features for analysis.
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Figure 5. Similarity Between Features Selected Through Lasso Regression.

Note: The 12 selected features are as follows: Maximum 2D Diameter Row (maximum two-
dimensional diameter of the tumor in the sagittal plane), Minor Axis Length (short axis length
of the tumor), Maximum Diameter (maximum tumor diameter), Perimeter (tumor region
perimeter), Pixel Surface (number of surface pixels in the tumor region), Gray-Level Non-
Uniformity 1~3 (non-uniformity of gray level), Run Length Non-Uniformity (non-uniformity of
running length), Size Zone Non-Uniformity (non-uniformity of area size), Dependence Non-
Uniformity (dependent on non-uniformity), and Large Dependence Emphasis (gray-level
dependence matrix). Each of these features is crucial for prognosis, with a significant impact
factor.
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Figure 6. Visualization of Gene Analysis Based on WGCNA.

Note: The WGCNA method transforms the direct correlation matrix into an indirect correlation
matrix to calculate the soft threshold. Using this soft threshold, the original correlation
network is converted into a scale-free network. (A) and (B) present the scale-free network in
different coordinate systems. (A) the vertical axis shows the evaluation metric r2 for the scale-
free network. The closer r2 is to 1, the more the network approaches a scale-free structure,
with r2 typically required to be greater than 0.8 or 0.9; (B) the vertical axis represents the
mean connectivity, which decreases as the (3 value increases. By combining these two
metrics, we typically select the 3 value where r2 first reaches 0.8, 0.9, or higher. This 8 value
is then used to convert the correlation matrix into an adjacency matrix, which represents the
connections between nodes in the network and is key to building the scale-free network; (C)
shows a dynamic tree cut method applied to the topological overlap matrix based on the
scale-free network, revealing a co-expression network analysis where each gene module
contains co-expressed genes that share similar gene characteristics.
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Figure 7. Visualization of the Topological Overlap Matrix Between Gene Modules.

Note: The values in the topological overlap matrix range from 0 to 1, with higher values
indicating greater similarity between gene modules. It is evident that smaller gene modules
exhibit higher similarity, while larger gene modules show lower similarity. This suggests that
smaller gene modules may share similar functions or regulatory mechanisms, whereas larger
gene modules might have distinct functions or regulatory mechanisms.
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Figure 8. Evaluation of the Model.

Note: (A) shows the correlation analysis between gene modules and clinical features; (B)
shows the correlation analysis between gene modules and imaging data. In both figures,
"Correlation” represents similarity, with darker red indicating greater similarity. The size of the
circles represents the expression level of the gene modules for the given trait, with larger
circles indicating higher expression levels.
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Figure 9. Visualization of the Confusion Matrix for Model Results.
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Model.
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