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Abstract

Clear cell renal cell carcinoma (ccRCC) is a highly lethal urinary malignancy with poor overall survival (OS) rates. Integrating com-
puter vision and machine learning in pathomics analysis offers potential for enhancing classification, prognosis, and treatment strat-
egies for ccRCC. This study aims to create a pathomics model to predict OS in ccRCC patients. In this study, data from ccRCC
patients in the TCGA database were used as a training set, with clinical data serving as a validation set. Pathological features were
extracted from H&E-stained slides using PyRadiomics, and a pathomics model was constructed using the non-negative matrix factor-
ization (NMF) algorithm. The model’s predictive performance was assessed through Kaplan-Meier (KM) survival curves and Cox
regression analysis. Additionally, differential gene expression, gene ontology (GO) enrichment analysis, immune infiltration, and muta-
tional analysis were conducted to investigate the underlying biological mechanisms. A total of 368 pathomics features were extracted
from H&E-stained slides of ccRCC patients, and a pathomics model comprising two subtypes (Cluster | and Cluster 2) was success-
fully constructed using the NMF algorithm. KM survival curves and Cox regression analysis revealed that Cluster 2 was associated
with worse OS. A total of 76 differential genes were identified between the two subtypes, primarily involving extracellular matrix
organization and structure. Immune-related genes, including CTLA4, CD80, and TIGIT, were highly expressed in Cluster 2, while
the VHL and PBRMI genes, along with mutations in the PI3K-Akt, HIF-1, and MAPK signaling pathways, exhibited mutation rates
exceeding 40% in both subtypes. The machine learning-based pathomics model effectively predicts the OS of ccRCC patients and
differentiates between subtypes. The critical roles of the immune-related gene CTLA4 and the PI3K-Akt, HIF-1, and MAPK signaling
pathways offer new insights for further research on the molecular mechanisms, diagnosis, and treatment strategies for ccRCC.
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Background

Renal cell carcinoma (RCC) ranks among the common malig-
nancies of the genitourinary system, comprising approximately
2-3% of all adult malignancies, with an estimated annual inci-
dence of about 400,000 new cases, and its incidence and mortal-
ity rates are steadily increasing.'? In 2023, RCC was listed
among the top ten newly diagnosed cancers in the United
States, ranking as the sixth most common cancer in males and
the ninth most common cancer in females.> RCC encompasses
over 10 histological subtypes, among which clear cell renal
cell carcinoma (ccRCC) represents the predominant pathological
type, accounting for approximately 70% of all RCC cases.
ccRCC, originating from the proximal convoluted tubules, man-
ifests as the most lethal malignancy within the genitourinary
system, characterized by its tendency towards aggressive behav-
ior, including distant organ metastasis.” Due to its insensitivity to
conventional chemotherapy and radiotherapy, surgical resection,
targeted therapy, and immunotherapy are the primary treatment
modalities for ccRCC.® Notably, surgical resection constitutes
the primary efficacious treatment modality for early-stage
ccRCC. However, approximately 30% of patients may experi-
ence recurrence, metastasis, or even death following curative
surgery.’ Moreover, approximately one-third of ccRCC patients
present with advanced disease at initial diagnosis, often indicat-
ing high mortality and metastatic rates.® Consequently, the prog-
nosis for the majority of ccRCC patients remains unfavorable.
Furthermore, ccRCC exhibits significant heterogeneity in its
morphological, molecular, clinical outcomes, and treatment
responses,” whereby patients with similar clinical features may
yield disparate outcomes even under similar therapeutic
regimens. '’

For patients with advanced ccRCC, first-line treatment
includes immunotherapy, either alone or in combination with
tyrosine kinase inhibitors (TKIs). However, TKI monotherapy
remains an appropriate first-line treatment for a significant pro-
portion of patients who are not suitable for immunotherapy,
with the STAR study results directly applicable to this group.
For other patients who do not receive a TKI as first-line
therapy, it may be considered as monotherapy in the second-
line setting. While treatment breaks can be reasonably consid-
ered for these patients, caution should be exercised, as their
progression-free survival is typically shorter than that of
patients receiving first-line TKI therapy.'' Thus, improving
overall survival (OS) for these patients remains a critical chal-
lenge.'? Therefore, there is an urgent need to develop predictive
models that more accurately assess OS in ccRCC patients based
on existing clinical, pathological, and genomic features, to opti-
mize personalized treatment strategies.

Carcinogenesis is a complex process that necessitates
multi-omics analyses for a comprehensive understanding.
However, conducting omics analyses requires a substantial
amount of tissue specimens, and the majority of precancerous
samples are insufficient to support comprehensive omics analy-
sis. Additionally, omics analysis is costly, technically intricate,
and time-consuming, factors that severely impede further under-
standing of the ccRCC carcinogenic process.”” In contrast to the
demanding, time-consuming, and complex omics techniques,
pathological assessment with hematoxylin and eosin (H&E)
staining is more robust, efficient, and cost-effective, serving as
the gold standard routinely used for cancer diagnosis and survival
prediction.'*'> H&E staining is a widely adopted technique in
pathology laboratories, providing high-resolution images captur-
ing fundamental morphological characteristics of tumor tissues
and is indispensable for clinical diagnosis.'® However, manual
microscopic examination of H&E stained slides heavily relies
on the expertise of pathologists, rendering it labor-intensive
and experience-dependent.'® Furthermore, studies have demon-
strated inter-observer variability leading to different histopatho-
logical interpretations of the same tissue slide, resulting in
inaccurate prognoses.'’ Hence, there is an urgent need for a
better approach to interpreting histopathological features.'®

With advancements in medical technology, microscopy is
gradually being replaced by digitization. Entire specimens of
H&E-stained slides can be scanned and stored as digital pathol-
ogy images.'® Pathological images encompass histological and
morphological features of tumor cells and their stroma, which
play pivotal roles in influencing tumor growth patterns and
aiding in patient prognosis.”’ However, clinical practitioners
may encounter difficulties in identifying and extracting these
pertinent pathological insights.*!

In recent years, the term “pathomics” has gradually emerged as
a research hotspot. Pathomics is a branch of digital pathology that
utilizes artificial intelligence to extract quantitative features such as
texture, morphology, edge gradients, and biological characteristics
from pathological images. These features are then integrated for
comprehensive analysis in diagnostic, molecular, and prognostic
applications.?* Pathomics features describe the voxel characteristics
of pathological images and the interactions between adjacent
voxels, which can be categorized into first-order and second-order
features. First-order features describe the distribution of grayscale
values, while second-order features (texture features) are obtained
by calculating the interactions between neighboring voxels.
These include features such as the Gray Level Co-occurrence
Matrix (GLCM), Gray Level Dependence Matrix (GLDM), Gray
Level Run Length Matrix (GLRLM), Gray Level Size Zone
Matrix (GLSZM), and Neighborhood Gray-Tone Difference
Matrix (NGTDM). These features capture the texture information
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of the image, such as variation amplitude, direction, grayscale dis-
tribution, and regional homogeneity. Additionally, higher-order
features are generated through wavelet transforms to capture
texture information at multiple scales, thereby improving image
classification accuracy.” Previous studies have demonstrated that
pathomics combined with artificial intelligence algorithms can be
utilized for prognostication of lung cancer,** renal cell carcinoma,
prostate cancer bone metastasis,”® and colorectal cancer.”” These
findings underscore the significant potential of pathomics in provid-
ing personalized prognosis estimation and decision-making strate-
gies.” However, regarding its application in the digital pathology
domain of ccRCC, it is currently in a relatively nascent stage,
necessitating further in-depth research and exploration.

In this study, we innovatively applied pathomics techniques
to explore the association between clinical pathology and
genomic data and patient OS. Concurrently, we employed bio-
informatics methods such as functional enrichment analysis,
immune infiltration analysis, and mutation analysis to delve
deeper into the underlying molecular mechanisms behind
pathomics subtyping. This research not only offers novel
options for personalized precision therapy of ccRCC but also
provides robust theoretical and practical support for future clin-
ical practice and treatment strategy formulation.

Methods

Data Collection and Processing

The dataset of ccRCC patients was obtained from The Cancer
Genome Atlas (TCGA) database (https:/portal.gdc.cancer.

gov/), specifically the TCGA-KIRC dataset, comprising RNA
sequencing transcriptome data, complete H&E-stained histo-
pathological images, mutation data, clinical, and follow-up
information,”®*’ serving as the training set for subsequent
research. Additionally, we collected H&E-stained histopatho-
logical images and corresponding clinical information from
patients diagnosed with ccRCC at Ruijin Hospital, affiliated
with Shanghai Jiao Tong University School of Medicine, to
serve as the validation set. Inclusion and exclusion criteria for
both the training and validation sets were as follows: (a)
Screening of samples from initial diagnosis and initial treat-
ment. (b) Eliminate those with less than a month to live. (c)
Elimination of samples with missing clinical data. (d)
Selection of primary solid tumor specimens and RNA-seq
data. (e) Removal of samples with inadequate image quality.
An overview of the overall study design is outlined in Figure 1.

Extraction of Pathomic Image Features

Under conditions of maximum magnification at 20X or 40X,
H&E-stained pathological slides were retrieved and downloaded
from the TCGA database (https:/portal.gdc.cancer.gov/).?® The
OTSU algorithm (https:/opencv.org/) was employed to obtain
the tissue regions of the pathological slides.”® The 40x images
were segmented into multiple sub-images of 1024 x 1024
pixels. The 20X images were segmented into multiple sub-
images of 512x512 pixels and upsampled to 1024 x 1024
pixels. Following previous studies, pathologists reviewed and
excluded sub-images of poor quality (contaminated, blurred,
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Figure 1. An overview of the study design.
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with blank areas exceeding 50%), and randomly selected 10
remaining sub-images for subsequent analysis.>’

Utilizing the PyRadiomics open-source package (https:/
pyradiomics.readthedocs.io/en/latest/), image standardization
and feature extraction were conducted on each sub-image.
The extracted features comprised original characteristics,
encompassing both first and second-order attributes, as well
as high-order features derived from original features combined
with wavelet transformations (LL, LH, HL, HH).32_36
Subsequently, for each patient’s pathological image, features
were individually extracted from 10 sub-images. The resultant
features were then averaged to represent the pathomic charac-
teristics of each sample, facilitating subsequent data analysis.

The Selection of Pathomic Features

The pathomic features, extracted using the PyRadiomics
package, underwent range normalization to mitigate the
effects of variable scales and ranges of variation. Range normal-
ization, implemented through the method of range scaling, is
aimed at standardizing variables by transforming them into a
common scale. This normalization technique is expressed by
the formula: X’ =(X-Xmin)/(Xmax-Xmin), where X’ repre-
sents the normalized feature value, X is the original feature
value, Xmin denotes the minimum feature value, and Xmax
represents the maximum feature value within the dataset.
Subsequently, the Repeat Random Survival Forest (Repeat
RSF) method was employed for feature selection. During the
feature selection process, 1000 iterations of RSF analyses
were conducted, with a final selection criterion based on fea-
tures appearing in over 500 iterations. Additionally, to
explore the relationship between the extracted pathological fea-
tures and clinical-pathological features, Spearman correlation
analysis was conducted on the selected pathological features
and clinical-pathological characteristics.

Unsupervised Clustering Analysis of Pathomic Features

The Non-negative Matrix Factorization (NMF) algorithm is an
unsupervised clustering method based on part-based decompo-
sition. It aggregates the weights of different features, ultimately
representing a substantial amount of information using a small
amount of structured data. This algorithm has been applied to
identify various molecular patterns and can also recover mean-
ingful biological information from tumor-related microarray
data.’’° Therefore, this study employs the NMF algorithm
to perform clustering analysis on the selected pathological fea-
tures and to obtain samples of different pathological
subtypes.Within the clustering process, the Brunet method
was applied, with the rank parameter ranging from 2 to
5. The optimal rank value was determined by selecting the
point preceding the most rapid decline in the cophenetic
value.*® Moreover, within both the training and validation data-
sets, patients were segregated into different pathomic subtypes
(Cluster 1/Cluster 2) using the unsupervised clustering
approach based on NMF. Subsequently, patients’ clinical

information was aggregated according to their respective patho-
mic subtypes for further analysis.

Evaluation of Different Pathomic Features

Utilizing Kaplan-Meier survival curves, the variation in sur-
vival rates among different pathomic subtypes was assessed.
The significance of differences in survival rates between
groups was determined using the Log-rank test. The median
survival time denotes the time point at which the survival rate
reaches 50%. Single-factor and multi-factor Cox proportional
hazards regression models were employed to analyze the
impact of different factors on patient survival outcomes.
Furthermore, exploratory subgroup analyses were conducted
using single-factor Cox regression to investigate the influence
of different pathomic subtypes (Cluster 2 vs Cluster 1) on
patient prognosis within various covariate subgroups.*!

Screening of Differentially Expressed Genes Between
Different Pathomic Subtypes

The RNA-seq data originated from the training set
(TCGA-KIRC) and were formatted as Fragments Per
Kilobase per Million (FPKM), subsequently log2-transformed.
Differential expression genes (DEGs) between two pathomic
subtypes in the training set were identified using the “limma”
software package.*” A statistically significant criterion was
defined as [logFC|>1.2 and P.adj<.05. Specifically, genes
with logFC>1.2 and P.adj<.05 were considered upregulated
DEGs, while genes with logFC<—1.2 and P.adj<.05 were
regarded as downregulated DEGs. Visualization of the differen-
tial genes was achieved through volcano plots.

Differential Expression Genes Enrichment Analysis

Utilizing the “clusterProfiler” software package,** gene ontol-
ogy (GO) pathway enrichment analysis** was conducted to
identify over-represented GO terms within three categories:
biological processes (BP), cellular components (CC), and
molecular functions (MF). The top 15 significantly enriched
pathways from the BP, CC, and MF enrichment analyses
were visualized. A statistical significance threshold was set at
P.value<.05 and false discovery rate (FDR) <0.05, with
P-value correction performed using the Benjamini-Hochberg
method.

Immune Cell Abundance Analysis

The gene expression matrix of all ccRCC patient samples
from the training set was uploaded to the ImmuCellAl
database  (http:/bioinfo.life.hust.edu.cn/ImmuCellAl/#!/),
and the immune cell infiltration was calculated for each
sample. The Wilcoxon rank-sum test was employed to
analyze the differences in immune cell infiltration levels
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between different pathological subtypes, with significance
set at P<.05.

Mutation Analysis

The mutation data of the samples were downloaded from the
TCGA data portal (https:/portal.gdc.cancer.gov/). The maftools
package was used to analyze the mutation data, calculate the
mutation frequency of genes in the samples, and perform statis-
tical analysis of the mutation frequencies across different
samples. Additionally, the maftools package was utilized to
compute the tumor mutational burden (TMB) for each
sample. Fisher’s exact test and the Wilcoxon rank-sum test
were employed to analyze whether there were significant differ-
ences in genes and TMB between different pathomic subtypes.
A significance threshold of P<.05 was considered statistically
significant.*’

Statistical Analysis

Categorical variables were represented using numbers (percent-
ages). Fisher’s exact test was employed to analyze whether
there were significant differences in gene mutations between
different pathological subtypes. The Wilcoxon rank-sum test
was utilized to examine whether there were significant differ-
ences in TMB between different pathological subtypes.
Kaplan-Meier methodology was employed to generate survival
curves. Cox regression analysis was conducted for univariate
and multivariate analyses to estimate the hazard ratio (HR)
and corresponding 95% confidence interval (CI). All statistical
analyses were performed using R software (Version 4.1.0) and

Table 1. Clinical Characteristics of ccRCC Patients in the Training Set.

relevant R packages, with two-sided hypothesis testing con-
ducted, and P <.05 considered statistically significant.

Results

Clinical Characteristics

This study ultimately included a total of 503 patients diagnosed
with ¢ccRCC, sourced from the TCGA database and clinical
cohort. Among them, 354 ccRCC patients from the TCGA data-
base comprised the training set, while 149 patients clinically
diagnosed with ccRCC constituted the validation set. Patients
in both the training and validation sets were grouped based
on OS as the grouping variable, categorized into Alive and
Dead groups. Clinical features of patients in the training set
(n=354) and validation set (n=149) are presented in Tables
1to 2.

Feature Selection of Pathomics and Construction of
Pathomic Models

A total of 465 pathological features were extracted using
PyRadiomics, and then 368 prognosis-related pathological fea-
tures were further selected using the Repeat RSF method
(Supplementary Table 1). The top 50 pathological features
were visualized (Figure 2A). To explore the relationship
between pathological features and clinical-pathological charac-
teristics, Spearman correlation analysis was performed on the
386 prognosis-related pathological features and clinical-
pathological features. The results (Supplementary Table 2 to
3) showed that in the training set, 155 (155/368, 42.12%)),
229 (229/368, 62.23%), 292 (292/368, 79.35%), and 97 (97/

Variables Total (n=354) Alive (n=239) Dead (n=115) P
Age, n (%) <.001
<60 176 (49.72) 134 (56.07) 42 (36.52)

>60 178 (50.28) 105 (43.93) 73 (63.48)

Gender, n (%) 725
Female 111 (31.36) 73 (30.54) 38 (33.04)

Male 243 (68.64) 166 (69.46) 77 (67.96)

Pathologic_stage, n (%) <.001
I 179 (50.56) 149 (62.34) 30 (26.09)

/v 175 (49.44) 90 (37.66) 85 (73.91)

Histologic_grade, n (%) <.001
G1/G2 161 (45.48) 131 (54.51) 30 (26.09)

G3/G4 193 (54.52) 108 (45.19) 85 (73.91)

Neoplasm_status, n (%) <.001
TUMOR FREE 250 (70.62) 212 (88.70) 38 (33.04)

WITH TUMOR 104 (29.38) 27 (11.30) 77 (66.96)

Laterality, n (%) 134
Left 169 (47.74) 107 (44.77) 62 (53.91)

Right 185 (52.26) 132 (55.23) 53 (46.09)
Pharmaceutical_therapy, n (%) <.001
NO 304 (85.88) 225 (94.14) 79 (68.70)

YES 50 (14.12) 14 (5.86) 36 (31.30)
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Table 2. Clinical Characteristics of ccRCC Patients in the Validation Set.

Variables Total (n=149) Alive (n=121) Dead (n=28) g
Age, n (%) .097
<60 43 (28.86) 39 (32.23) 4 (14.29)

>60 106 (71.14) 82 (67.77) 24 (85.71)

Gender, n (%) 102
Female 87 (58.39) 75 (61.98) 12 (42.86)

Male 62 (41.61) 46 (38.02) 16 (57.14)

Pathologic_stage, n (%) .97
I 67 (44.97) 55 (45.45) 12 (42.86)

IV 82 (55.03) 66 (54.55) 16 (57.14)

Laterality, n (%) <.001
Left 121 (81.21) 109 (90.08) 12 (42.86)

Right 28 (18.79) 12 (9.92) 16 (57.14)

368, 27.36%) pathological features were correlated with
Histologic_grade, Neoplasm_status, Pathologic_stage, and
Pharmaceutical_therapy, respectively. Additionally, in the val-
idation set, we found that 198 (198/368, 53.80%) pathological
features were associated  with Pathologic_stage.
Histologic_grade, Neoplasm_status, Pathologic_stage, and
Pharmaceutical_therapy are all closely related to patient prog-
nosis, and the Spearman correlation analysis results further
support that the pathological features we selected are indeed
associated with prognosis. Furthermore, these 368 prognosis-
related pathological features were subjected to clustering anal-
ysis using the NMF method to obtain samples of different path-
ological subtypes. Based on the cophenetic value (the value at
which the cophenetic value drops the most is 2), two patholog-
ical subtypes were identified: Cluster 1 and Cluster 2
(Figure 2B), with typical H&E staining images shown in
Supplementary Figure 1. Consensus plot and clustering
heatmap results demonstrated that these two pathological sub-
types could be well distinguished (Supplementary Figure 2).

Evaluation of the Pathomic Model

Further, using the NMF algorithm, patients in both the training
and validation sets were classified into Cluster 1 and Cluster
2. In the training set, there were 146 patients in Cluster 1 and
208 patients in Cluster 2. In the validation set, there were 40
patients in Cluster 1 and 109 patients in Cluster 2. Baseline
characteristics of patients with different pathomic subtypes in
both datasets are presented in Supplementary Tables 4 to 5.
Subsequently, survival analysis was performed on all patients.
In the training set, Kaplan-Meier curve results revealed a
median survival time of 118.47 months for Cluster 1, while
the median survival time for Cluster 2 could not be determined
due to the low number of deaths. However, Kaplan-Meier
curves indicated a significant association between Cluster 2
and worsened OS (P =.02, Figure 3A). In the validation set,
neither Cluster 1 nor Cluster 2 reached the median survival
time due to the limited number of deaths (Figure 4A).

To elucidate the impact of different pathomic subtypes on
the prognosis of ccRCC, we conducted Cox regression analysis.
In the training set, both univariate and multivariate analyses
revealed that Cluster 2 was a risk factor for OS (P<.05,
Figure 3B-C). In the validation set, the univariate analysis did
not identify Pathologic_stage as a risk factor for OS.
However, multivariate analysis results demonstrated that
Cluster 2 was a risk factor for OS (P<.05, Figure 4B-C).
Furthermore, subgroup analysis results indicated no significant
differences in the association between different pathomic sub-
types (Cluster 1/Cluster 2) and OS among patients aged
below and above 60 years (interaction P>.05) in both the train-
ing and validation sets, suggesting no significant interaction
between different pathomic subtypes and age subgroups.
Similar results were observed in subgroup analyses based on
demographic and clinical characteristics (Figure 5). These find-
ings underscore the clinical significance of the pathomic model
constructed in this study for the survival and prognosis of
ccRCC patients.

Functional and Pathway Enrichment Analyses

To explore the underlying biological mechanisms of different
pathomic subtypes, differential gene analysis was performed
using the “limma” package on ccRCC patients from Cluster 1
and Cluster 2 in the training set. In the training set, 76 differen-
tially expressed genes (DEGs) were identified between the two
distinct pathomic subtypes. Compared to the Cluster 1 group,
the Cluster 2 group exhibited 29 significantly upregulated
genes and 47 significantly downregulated genes (Figure 6A).
Further GO pathway enrichment analysis revealed potential
implications in various biological processes (BP), including
extracellular matrix organization and extracellular structure
organization. Additionally, cellular components (CC) such as
collagen-containing extracellular matrix and molecular func-
tions (MF) related to extracellular matrix structural constituents
may be affected (Figure 6B).


https://journals.sagepub.com/doi/suppl/10.1177/15330338241307686
https://journals.sagepub.com/doi/suppl/10.1177/15330338241307686
https://journals.sagepub.com/doi/suppl/10.1177/15330338241307686

Li et al

A wavelet HH gldm_LargeDependenceHighGrayLevelEmphasis{ I 1000
wavelet HH glcem Idn e 1000
wavelet HH glcm Tdmn{ s s 1000
glszm_LargeAreaLowGrayLevelEmphasis{ I 1000
- glszm_LargeAreaEmphasis| F s s 1000
wavelet HH_glrlm Lon%l}unHigﬁGrayLevelEmphasis e 998
~  ~ wavelet LL_glszm_LargeAreaEmphasis| s s 997
wavelet HH_gldm_SmallDependénceLowGrayLevelEmphasis{ I 996
- - glszm_ZoneVariance| [ e 996
wavelet LL_glrlm_RunVariance 994
wavelet LL_glszm ZoneVariance 993
wavelet LL_glszm_LargeAréaLowGrayLevelEmphasis| I 993
waveletALL_%rlm LongRunEmphasis| s s 988
glszm_LargeAréaHighGrayLevelEmphasis 987
glrlm_RunVariance 986
glrlm_LongRunEmphasis 984
wavelet LH_glszm_LargeAreaLowGrayLevelEmphasis 983
wavelet HH_ngtdm_Confrast| I 983
wavelet LH_glszm_LargeAreaEmphasis{ s 982
wavelet HL_glszm LargeAreaHighGrayLevelEmphasis| s s 981
- ~ wavelet HL glszm ZoneVariance{ I 979
wavelet_LH_glszm_Lm'geAl'eaH%'thyLevelEmphasis e 977
wavelet L Iszm_ZoneVariance| Immmmm—— 975
e wavelet HL_glIszm_LargéAreaEmphasis{ I s 975
8 wavelet HL_glszm_LargeAreaLowGrayLevelEmphasis{ F s 968
3 wavelet HH_n;tdm Strength T e 964
= wavelet LL_gldm Larﬁe‘l} P Emphasi 5 957
~  “wavelet HH_firstorder_Maximum 945
wavelet HH_glszm_SmallAreaHighGrayLevelEmphasis| I 934
wavelet LL._gldm DependenceVariance e 929
“wavelet LL_glem SumEntropy 915
gldm_DependenceVariance 912
- glcm_SumEntropy I 0] 2
wavelet LL firstorder Entropy{ I 899
wavelet HH_glszm_LargeAreaHighGrayLevelEmphasis{ I s 898
wavelef] LL_glszm:LargeAreaHi%}lGrayLevelEm hasis| EEEEEE s 896
wavelet LL glem_JointEnergy - 889
wavelet HH_glrlm_ShortRunCowGrayLevelEmphasis| Fmm 886
firstorder Entropy e 881
firstorder_TofalEnergy{ I 877
firstorder_Energy I e 865
wavelet HH glcm_Imcl|{ F 855
wavelet HH_firstorder_Range| I s 850
wavelet HH_glszm HighGrayLevelZoneEmphasis| I 849
~ wavelet_ LL_glcm_MaximumProbability e e 841
wavelet LL glrlm_RunPercentage- 833
wavelet HH glcm_Autocorrelation 83.
wavelet glcm_JointAverage 830
wavelef HH firstorder Median 830
wavelet HH_gldm_HighGrayLevelEmphasis | S 827 |
0 250 500 750 1000
Count
B NMF rank survey
cophenetic dispersion evar
0.995 0.95-
0.985 - 0.90+ 0.984 -
0.854
0.9754
0.980 -
0.80+
0.965
0.976 -
0.75-
2 3 4 5 2 3 4 5 2 3 4 5
residual rss silhouett
12004 700 1.0 4
0.9
1000+ 6001
0.8+
500 .7 4
800+ 0.7
0.6
400-
600 0.5
sparseness
Measure type
0.40+ ~@- Basis
—@-Best fit
0.35+
~@- Coefficients
—@-Consensus
0.30+
0.25 - T T T
2 3

Figure 2. Construction of pathomic features for different subtypes. (A) Pathomic feature selection. (B) Line charts of cophenetic, dispersion,
ever, residuals, rss, silhouette, and sparseness at rank = 2-5.



8 Technology in Cancer Research & Treatment

A OS(Training)
1.00+ ‘\_-3.:.\__‘ Cluster ==~ Cluster 1 =~ Cluster 2
> S ~ = e )
£ . S,
2 0.75 Sy, o TOUN
_g %0 gns, X *
20 0w )
g 0.50% =---m---mmmmmmmm——meeaa- o e BT oo = =
= ! - -
& P value: 0.02 ‘
z 0.25+ value: V. '
= '
A H
0.00+ '
0 24 48 72 96 120 144
Time (months)
Number at risk
-
i‘..m’ Cluster 1{ 146 116 73 36 14 4 0
& Cluster 2 208 141 85 34 16 8 1
0 24 48 72 96 120 144
Time (months)
B Characteristics HR(95%CI)
Cluster:Cluster 2 vs. Cluster 1 1.578[1.072-2.322] < <0.001
- 50.002
Age: 260 vs. <60 1.812[1.240-2.650] o < 8(2%;
2 0.937
Gender: Male vs. Female 1.016[0.688-1.499] o
Pathologic_stage: IVIII/IV vs. I 3.323[2.191-5.040]
Histologic_grade: G3/G4 vs. G1/G2 2.683[1.769-4.069]
Neoplasm_status:WITH TUMOR vs. TUMOR FREE 6.050[4.096-8.935]
Laterality: Right vs. Left 0.800[0.554-1.154]
Pharmaceutical_therapy: YES vs. NO 2.951[1.989-4.379]
LI T Ll T U
0.51.0 3.0 5.0 7.0 9.0
C HR(95%CI)
Characteristics HR(95%CI)
Cluster:Cluster 2 vs. Cluster 1 1.519[1.008-2.289] o <0.001
50.019
Age: >60 vs. <60 1.459[0.977-2.177) - 8gég
0.069
Gender: Male vs. Female 0.815[0.543-1.222] © ggg%
0.606
Pathologic_stage: IVIII/IV vs. I 1.582[0.965-2.594] O
Histologic_grade: G3/G4 vs. G1/G2 1.757[1.098-2.812] O
Neoplasm_status:WITH TUMOR vs. TUMOR FREE 4.933[3.122-7.796]
Laterality: Right vs. Left 0.815[0.557-1.192] O
Pharmaceutical_therapy: YES vs. NO 0.884[0.552-1.413]
LI | T T T 1
0.51.0 3.0 5.0 7.0 9.0
HR(95%CT)

Figure 3. Evaluation of pathomics subtypes in the training Set. (A) Kaplan-Meier survival analysis for the training set. (B) Univariate Cox
regression analysis for the training set. (C) Multivariate Cox regression analysis for the training set.

Immune Infiltration Analysis investigate the underlying reasons and provide insights for
immunotherapy, we explored differences in immune infiltration
levels between different pathomic subtypes in the training set.
The results revealed that dendritic cells exhibited higher

As mentioned earlier, significant differences in outcomes exist
among ccRCC patients with different pathomic subtypes. To
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Figure 4. Evaluation of pathomics subtypes in the validation Set. (A) Kaplan-Meier survival analysis for the validation set. (B) Univariate Cox
regression analysis for the validation set. (C) Multivariate Cox regression analysis for the validation set.

levels of infiltration in Cluster 2, while B cells showed higher
infiltration levels in Cluster 1 (P<.05, Figure 7A).
Subsequently, we examined the expression of immune-related
genes. The results indicated that the expression levels of most
immune-related genes, such as CTLA4, CDS80, and TIGIT,
were higher in Cluster 2 (P<.05, Figure 7B). These findings

suggest that Cluster 2 may be associated with higher levels of
immune infiltration, but the high expression of immune-related
genes may lead to a state of low responsiveness. Patients in the
Cluster 2 group may benefit more from immune checkpoint

inhibitors.*¢
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Figure 5. Subgroup analysis of pathomics features. (A) Subgroup analysis of pathomics features in the training set, (B) Subgroup analysis of

pathomics features in the validation set.

Mutation Analysis

The intersection of mutation data and pathomic data down-
loaded from the TCGA database for ccRCC patients amounted
to 237 samples. Further mutation analysis was conducted using
the maftools package to investigate reported kidney and renal
cancer-related genes as well as classical oncogenic path-
ways.*’~>> The mutation analysis results showed no significant
difference in mutation frequencies between Cluster 1 and
Cluster 2 (P>.05, Supplementary Table 4). In the training
set, the mutation rates of VHL and PBRM1 genes were both

higher than 40% in both Cluster 1 and Cluster
2. Additionally, the mutation rates of the PI3K-Akt, HIF-1,
and MAPK signaling pathways were all greater than 40% in
both clusters (Figure 8).

Discussion

ccRCC is the most common histological subtype of RCC and
one of the deadliest malignancies in the urinary system.>®
Despite significant advances in medical treatment and research,
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of GO database.

most patients are diagnosed at an advanced stage due to the
paucity or absence of early symptoms, resulting in poor progno-
sis, limited treatment progress, and a lack of effective personal-
ized treatment strategies.”’ Tumor, lymph node, and metastasis
(TNM) staging is the main indicator for prognostic assessment
in clinical practice for ccRCC.>® However, existing studies have
shown that the prognostic accuracy of TNM staging is not ideal,
with significant differences in survival rates even among indi-
viduals in the same TNM stage.’® Digital H&E imaging is a
powerful tool in tumor diagnosis, containing rich pathological
information. Some studies have demonstrated that quantitative
pathological information can be used for disease diagnosis,
risk stratification, and outcome prediction through appropriate
feature extraction methods, namely pathomics.'® Therefore,
pathomics holds potential clinical value in predicting cancer
prognosis and enhancing treatment strategies.®® In this study,
we employed machine learning methods to construct a patho-
mic model from H&E-stained images and predicted the progno-
sis of patients with pathomic features, followed by
bioinformatics analysis to delve into the underlying mecha-
nisms behind the pathomic model.

Traditional pathological diagnosis is conducted by experi-
enced pathologists on H&E-stained slides magnified multiple
times to evaluate the morphological characteristics of tumor

cells. However, pathologists do not routinely describe more
detailed information for each slide. Therefore, pathomics can
serve as a useful tool to complement traditional pathological
assessments.®! Pathomics enables detailed spatial exploration
of the entire tumor landscape and its most invasive elements
from H&E-stained slide images.®? Currently, machine learning
models based on features extracted from H&E-stained images
have been proven effective in the classification and prognosis
of some tumors.!”%>%* For instance, Li et al®® constructed a
pathological feature based on H&E-stained specimens to
predict the prognosis of esophageal squamous cell carcinoma
patients treated with PD-1 inhibitors, and Chen et al°® predicted
prognostic factors for gastric cancer patients by constructing
pathomic features. Similarly, in this study, pathomic features
were screened using the Repeat RSF method, and a pathomic
model was constructed using the NMF method. Further evalu-
ation of the pathomic model showed that Cluster 2 was associ-
ated with poor prognosis and was a risk factor for OS in ccRCC,
indicating the predictive value of the pathomic model for OS in
ccRCC. Additionally, this machine learning approach based on
pathomics can be extended to prognostic prediction in other
tumors as well.'*

Next, we further explored the underlying mechanisms behind
forming different pathomic subtypes. Initially, we analyzed
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Figure 7. Analysis of immune infiltration. (A) Analysis of immune cell infiltration in Cluster 1 and Cluster 2. (B) Expression levels of

immune-related genes in Cluster 1 and Cluster 2.

DEGs between the two pathomic subtypes and further enriched the
analysis of DEGs. The results suggest that the two pathomics sub-
types may be associated with the tissue composition and structure
of the extracellular matrix (ECM). ECM remodeling plays a
crucial role in tumor progression and invasion, particularly in
the later stages of tumor growth, when connective tissue cells
are recruited and are expected to produce a significant amount
of ECM, thereby influencing tumor growth and invasive behav-

7 This finding highlights the important role of the tumor
microenvironment in the progression of ccRCC. Additionally,
we found that the expression of the immune-related gene
CTLA4 was significantly elevated in Cluster 2. CTLA4 is an
important immune checkpoint in tumors, located on the surface
of T cells, contributing to the control of the body’s immune
response. When CTLA-4 binds to another protein, B7, on the
surface of cancer cells, it prevents T cells from killing cancer
cells. CTLA-4 inhibitors can bind to CTLA-4, enabling T cells
to kill cancer cells. Among them, Ipilimumab is a CTLA-4

inhibitor.%® It has been reported that the efficacy of combination
therapy with Ipilimumab and nivolumab is superior to monother-
apy with nivolumab in patients with intermediate/high-risk
ccRCC.® In terms of immune infiltration, we found that
CTLA4 was upregulated in Cluster 2, resulting in poor prognosis
for patients. This is consistent with our previous findings obtained
through radiomics.”® This indicates that patients in Cluster 2 may
have a better response to CTLA-4 inhibitors. This suggests that the
pathomic model we constructed can provide guidance for the med-
ication of ccRCC patients in the future.

In this study, we also found that the mutation rates of the
HIF-1, PI3K-Akt, and MAPK signaling pathways were all
above 40% in both Cluster 1 and Cluster 2. These pathways
have significant clinical implications in ccRCC. First, HIF-1
is a crucial regulatory factor in ccRCC, arising from VHL inac-
tivation, and it can promote lipid accumulation in ccRCC by
inhibiting fatty acid metabolism, thereby facilitating cancer ini-
tiation and progression.”’ Furthermore, following VHL
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Figure 8. Mutation analysis of different pathomic subtypes.

inactivation, both HIF-loo and HIF-2a are activated, which
further enhances the activation of the MAPK and AKT/
mTOR signaling pathways.”” The activation of these pathways
plays a vital role in tumor growth and invasion.”>”"®
Additionally, the HIF1a/VEGF-A axis is critical in tumor
immunity. Studies have shown that the loss of HIF-la in
CD8+ T cells reduces the cytotoxicity against tumor cells, pro-
motes tumor invasion, and alters tumor angiogenesis.”®
Therefore, we believe that this pathomics model can provide
guidance for the clinical application of VEGF inhibitors, with
the potential to optimize personalized treatment strategies for
ccRCC patients.

Despite the construction of a pathomics feature model in this
study to predict the prognosis of ccRCC patients and the use of
bioinformatics analysis to unveil the underlying biological
mechanisms of the pathomics features, it is important to
acknowledge certain limitations of this research. First, the
pathomics features were developed based on data from the
TCGA database. While the quality of TCGA data is commend-
able, it is important to note that the clinical and pathological
information of patients may have some incompleteness,
which could introduce potential biases during the research
and analysis process. Second, this study is inherently retrospec-
tive, which means its results may be influenced by inherent
biases. Additionally, although there is an external validation
set in this study, the patients were all from the same medical
institution. Future prospective trials from different medical
institutions are needed to further validate the effectiveness
and reliability of the constructed pathomics features in clinical
practice. Finally, while this study found that pathomics sub-
types are associated with poor prognosis in ccRCC patients,
the specific impact on survival outcomes remains unclear,
requiring more foundational research and multicenter clinical
studies for further wvalidation. Therefore, future research

should focus on addressing these gaps to advance the applica-
tion of pathomics in the field of ccRCC.

Conclusion

This study develops a machine learning-based pathomic model
to extract pathological features from H&E stained images and
employs the NMF algorithm to classify ccRCC into two patho-
logical subtypes. The establishment of these subtypes not only
effectively predicts patient prognosis but also correlates with
the expression of the immune checkpoint CTLA4 and the activ-
ity of the HIF-1, PI3K-Akt, and MAPK signaling pathways.
The findings suggest that this subtype classification may offer
crucial guidance and decision support for the personalized treat-
ment of future ccRCC patients. This discovery opens up new
avenues and directions for further exploration of the molecular
mechanisms, diagnostic methods, and therapeutic strategies for
ccRCC.
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