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Abstract

Purpose Renal cell carcinoma (RCC), exhibiting remarkable heterogeneity, can be highly infiltrated by regulatory T cells
(Tregs). However, the relationship between Treg and the heterogeneity of RCC remains to be explored.

Methods We acquired single-cell RNA-seq profiles and 537 bulk RNA-seq profiles of TCGA-KIRC cohort. Through clus-
tering, monocle2 pseudotime and prognostic analyses, we identified Treg states-related prognostic genes (TSRPGs), then
constructing the RCC Treg states-related prognostic classification (RCC-TSC). We also explored its prognostic significance
and multi-omics landmarks. Additionally, we utilized correlation analysis to establish regulatory networks, and predicted
candidate inhibitors. More importantly, in Xinhua cohort of 370 patients with kidney neoplasm, we used immunohistochemi-
cal (IHC) staining for classification, then employing statistical analyses including Chi-square tests and multivariate Cox
proportional hazards regression analysis to explore its clinical relevance.

Results We defined 44 TSRPGs in four different monocle states, and identified high immune infiltration RCC (HIRC,
LAG3+, Mki67+) as the highly exhausted subtype with the worst prognosis in RCC-TSC (p < 0.001). BATF-LAG3-
immune cells axis might be its underlying metastasis-related mechanism. Immunotherapy and inhibitors including sunitinib
potentially conferred best therapeutic effects for HIRC. Furthermore, we successfully validated HIRC subtype as an inde-
pendent prognostic factor within the Xinhua cohort (OS, HR=16.68, 95% CI=1.88-148.1, p=0.011; PFS, HR=4.43,95%
CI=1.55-12.6, p=0.005).

Conclusion Through integrated bioinformatics analysis and a large-sample retrospective clinical study, we successfully
established RCC-TSC and a diagnostic kit, which could stratify RCC patients with different prognosis and to guide person-
alized treatment.

Synopsis

Utilizing integrated bioinformatics analyses and a large-sample retrospective clinical study, a Treg states-related RCC
prognostic classification is successfully established, which could stratify RCC patients with different prognosis and to
guide personalized treatment.

Keywords Renal cell carcinoma (RCC) - Molecular classification system - Regulatory T cell (Treg) - Single-cell
sequencing - Clinical study - Immunohistochemical staining
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Renal cell carcinoma

Kidney renal clear cell carcinoma

Tumor immune microenvironment
Natural killer

Single-cell RNA

T cell receptor

Regulatory T cells

Forkhead box protein P3

Immune checkpoint blockade

Treg states-related prognostic genes

Gene expression omnibus

Overall survival

The Cancer Genome Atlas

Transcription factor

Cancer Cell Line Encyclopedia

Genomics of Drug Sensitivity in Cancer
Over-representation analysis

Molecular Signatures Database

Quality control

Differentially expressed genes

Principal component analysis

Uniform Manifold Approximation and
Projection

Fold Change

Gene set variation analysis

Treg states-related genes

Treg states-related prognostic genes
Kaplan-Meier

RCC Treg states-related prognostic
classification

High PCA score group

Low PCA score group

Tumor immune dysfunction and exclusion
Landmarks and immunophenoscore
Single-sample gene set enrichment analysis
Myeloid-derived suppressor cell
Tumor-associated macrophage, CAF, cancer-
associated fibroblast

Microsatellite instability

Tumor mutation burden

Copy number variation

Differentially expressed transcription factor
Assay for transposase-accessible chromatin
sequencing

Kyoto encyclopedia of genes and genomes
Least absolute shrinkage and selection
operator

Receiver operating characteristic

Area under curve

Gene oncology

Immunohistochemical

PFS Progression-free survival

T™MA Tissue microarrays

DC Dendritic cell

MIRC Moderate immune infiltration RCC
HIRC High immune infiltration RCC
LIRC Low immune infiltration RCC
CAF Cancer-associated fibroblast
ATRA All-trans retinoic acid

TIL Tumor infiltrating lymphocyte

MKi67 Marker of proliferation ki-67
LAG3 Lymphocyte activation gene 3
CD7 Cluster of differentiation 7

SOCSI1 Suppressor of cytokine signaling 1

1 Introduction

Renal cell carcinoma (RCC) is one of the most preva-
lent cancers worldwide, ranking sixth in men and ninth in
women, and it accounts for approximately 3% of all adult
malignancies [1-3]. RCC is highly heterogenous, and kid-
ney renal clear cell carcinoma (KIRC) comprises 70-80%
neoplasms that originate from the renal tubular epithelium
[4].

Tumor immune microenvironment (TIME) is a compli-
cated ecosystem that is paramount in tumor progression and
clinical outcomes of patients [5-7]. RCC is highly immu-
nogenic and typically exhibits substantial leukocyte infil-
trates, with CD8 +T cells and CD4+T cells dominating in
the TIME [8]. Recently, a study combing single-cell RNA
(scRNA) and T cell receptor (TCR) sequencing found ter-
minally exhausted CD8+T cells and M2-phenotype mac-
rophages were more abundant in the TIME of advanced
and metastatic RCC, which were also significantly asso-
ciated with the dysfunctional state and poor prognosis of
patients [9]. More importantly, the hypofunctional state of
intra-tumoral CD8+and CD4+T cells in RCC was medi-
ated by multiple factors, including the profound effects of
regulatory T cells (Treg) in the surrounding TIME, which
significantly highlighted its critical role in the pathogenesis
of RCC [8, 10-13].

Forkhead box protein P3 (FOXP3)+Treg, a highly
immunosuppressive CD4+T cell subtype, could maintain
immune homeostasis [14, 15]. Nevertheless, major immu-
nosuppressive functions of Treg also could suppress anti-
cancer immunity to influence tumor pathogenesis [13, 16].
Notably, the dynamics and heterogeneity of T cells were
revealed by a single-cell atlas in pan-cancer level, which
characterized the phenotypes and compositions across dif-
ferent TIME, including Tregs with different marker genes
(TNFRSF9+, OAS1+, RTKN2+, S1PR1+) [10]. More-
over, it was stated that proliferative Tregs exhibited highly
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activated and immune-suppressive phenotype [17, 18], and
abundant proliferative Tregs were a positive indicator of
tumor progression [19-21]. However, relationship between
different phenotypes of Tregs and the heterogeneity of
RCC remains largely unexplored. Consequently, there is
an urgent need to develop a molecular classification system
based on Tregs for precise risk stratification and personal-
ized therapy.

Herein, we performed an integrated study encompassing
scRNA-seq analysis, bulk RNA-seq analysis, multi-omics
analysis, and a retrospective clinical study, to construct
a novel molecular RCC classification system. Utilizing
monocle 2 pseudotime analysis to delineate distinct Tregs
subtypes and performing prognostic analysis, we character-
ized Treg states-related prognostic genes (TSRPGs). Then,
ConsensusClusterPlus clustering analysis was employed to
compare the expression levels of TSRPGs among KIRC
patients, identifying three subtypes with different prognos-
tic, immunologic, biological, and genomic characteristics.
Finally, using descriptive statistics, univariate analysis,
multivariate analysis, model diagnostics, we validated the
feasibility of the classification system in the Xinhua retro-
spective cohort, effectively stratifying patients with various
kidney neoplasms into groups with distinct prognoses.

2 Materials and methods
2.1 Data sources of our research

The scRNA-seq profiles that used in Fig. 1 were retrieved
from the Gene Expression Omnibus (GEO) database (acces-
sion No. GSE156728) (https://www.ncbi.nlm.nih.gov/geo)
[22]. The scRNA-seq profiles used for validation were
available at the following website (https://github.com/Ale
ksobrad/single-cell-rcc-pipeline). We also downloaded the
microarray profiles and bulk RNA-sequencing profiles and
the corresponding clinical data of patients with renal can-
cers from the GEO database (accession No. GSE22541).

We acquired bulk RNA-sequencing profiles and clini-
cal data encompassing overall survival (OS), demographic
characteristics (age, gender, and race), and disease condi-
tions (TNM stage, pathological stage, grade), for 537 KIRC
patients in The Cancer Genome Atlas (TCGA) database
(https://cancergenome.nih.gov/) [23]. The transcription fa
ctor (TF) profiles were sourced from the Cistrome cancer
database (http://cistrome.org/) [24]. Meanwhile, the data
pertaining to metastatic samples were from both MET500
(https://met500.path.med.umich.edu/) [25] and TCGA
databases.

Additionally, genomic and transcriptomic characteris-
tics, along with data regarding the sensitivity to cytotoxic

drugs for cancer cell lines, were sourced from the Cancer
Cell Line Encyclopedia (CCLE) database (https://sites.bro
adinstitute.org/ccle) [26], and the Genomics of Drug Sen-
sitivity in Cancer (GDSC) database (https://www.cancerrxg
ene.org/) [27]. The 3D conformations of the LAG3 protein
and ligands were downloaded from the alphafold website
(https://alphafold.ebi.ac.uk/) and PubChem (https://pubche
m.ncbi.nlm.nih.gov/), respectively. The pocket information
for molecular docking was retrieved from the Protein Plus
(https://proteins.plus/). Lastly, fifty molecular signaling
pathways and nine pathway categories used for over-repre-
sentation analysis (ORA) were retrieved from the Molecu-
lar Signatures Database (https://www.gsea-msigdb.org/gse
a/msigdb/index.jsp) (MSigDB, version 7.4) [28]. The code
and information of the patients we utilized for analysis were
uploaded in the supplementary material.

2.2 ScRNA-seq analysis processes

Cellranger (v3.0, http://10xgenomics.com/) was used to
demultiplex the raw scRNA-seq data bcl files, generating
two FASTQ files. The construction of the gene expression
matrix was subsequently performed based on the two FASTQ
files. Next, the Seurat R toolkit (v4.0.1; was employed for
data standardization, quality control (QC), dimensionality
reduction, unsupervised clustering, and analysis of differen-
tially expressed genes (DEGs) [29, 30]. Furthermore, during
the QC processes, only cells expressing more than 100,000
transcripts and exhibiting mitochondrial genes comprising
less than 10% of all cellular genes were retained. After QC,
“vst” algorithm was utilized to identify the top 2000 highly
variable genes. Afterwards, these genes were scaled and
standardized, and employed for dimensionality reduction
and clustering. Finally, features of different cell types were
extracted through principal component analysis (PCA), and
shown in the Uniform Manifold Approximation and Projec-
tion (UMAP) plots.

2.3 Annotation of CD4+T cells in RCC

Genes expressed in more than 25% of cells, with |log,Fold
Change (FC)| > 0.25 and an adjusted p value <0.05 were
considered eligible for distinguishing cell populations.
Afterwards, we annotated the CD4+T cells with Seurat
R toolkit, Single R package, the CellMarker database and
the published literature (https://bio-bigdata.hrbmu.edu.cn/
CellMarker/) [10, 31, 32]. Additionally, we calculated and
illustrated the cell number and cellular composition of each
cluster, as well as the sample proportions for the cell types
through bar plots. A heatmap displaying the top five highly
expressed genes per cluster and a Cleveland dot plot featur-
ing four key marker genes were also displayed.
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A Single cell RNA sequencing, annotation, trajectory analysis, and prognostic analysis determine
the Treg states-related prognostic genes (TSRPGs)
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{ Fig. 1 ScRNA-seq analysis, monocle 2 trajectory analysis, and the
determination of TSRPGs for CD4 T cells in RCC. A The schematic
diagram of our study, primarily three parts. Firstly, we performed
scRNA-seq analysis and specifically extracted Tregs for annotation
(S1PR1+4, TNFRSF9+, RTKN2+, OAS1+). Using Monocle 2 pseu-
dotime analysis and prognostic analysis, we determined the TSRPGs.
Secondly, ConsensusClusterPlus analysis established a novel clas-
sification (RCC-TSC, three subtypes), with significant prognostic
and multi-omics meanings. Thirdly, after [HC staining for four key
genes (DNAJA1, DNAJB4, LAG3, MKi67) and statistical analyses,
we robustly validated RCC-TSC in Xinhua cohort. B The UMAP plot
shown that, for scRNA-seq analysis, CD4+T cells were specifically
extracted, and 24 different cell clusters were annotated among the 12
samples. C The relative expression level and spatial distribution of the
significant marker genes were demonstrated for Tregs. D The UMAP
plots demonstrated the four Treg clusters, with the marker genes spe-
cifically pointed out. E The distribution of Tregs at different pseudo-
time and spatial locations was illustrated. With two bifurcation points,
five Treg trajectory states were determined. Trajectory states 1 and 5
were positioned at the beginning of pseudotime, whereas trajectory
states 3 and 4 were situated at the terminal branch. F The Venn plot
demonstrated that with intersection of the TSRGs with genes signifi-
cantly in Kaplan-Meier survival analysis and univariate Cox propor-
tional hazards regression analysis (p <0.001, K-M_sig, Unicox_sig),
a gene set called the TSRPGs with 44 genes was built. SCRNA-seq,
single-cell RNA sequencing; TSRPGs, Treg states-related prognostic
genes; RCC, renal cell carcinoma; Treg, regulatory T cell; RCC-TSC,
RCC-Treg states-related prognostic classification; IHC, immunohisto-
chemical; UMAP, Uniform Manifold Approximation and Projection;
TSRG, Treg states-related genes; OS, overall survival

2.4 Extract Tregs for scRNA-seq analysis

We extracted the four Treg clusters separately to specifically
interrogate their biological role in RCC. Highly variable
genes in each Treg cluster were selected based on a filtration
standard of |[log2 FC| > 0.5 and p < 0.05. Following the PCA
and UMAP dimension reduction, marker genes of each Treg
cluster were visualized through a heatmap and a cleveland
dot plot. Moreover, gene set variation analysis (GSVA) was
conducted to quantify the enrichment of cancer hallmarks,
which were subsequently visualized in a heatmap [33].

2.5 Cellular communication analysis and cell cycle
analysis

To elucidate the cellular communication and identify
ligand-receptor pairs among all CD4+T cells we performed
cellular communication analysis by the “iTALK” R pack-
age (Version: 0.1.0) [34]. We also performed similar analy-
sis with a specific focus on Tregs. Next, we selected the top
500 expressed genes to categorize cellular communication
types into cytokines, growth factors, checkpoints and oth-
ers. Then, the “FindLR” function helped identify the ligands
and receptors pairs with the strongest connections, which
were visualized through communication networks and
LRplots. Moreover, to gain deeper insights into the cellular

proliferation states, we performed cell cycle analysis using
the “CellCycleScoring” function.

2.6 Trajectory analysis and identification of Treg
states-related genes (TSRGs)

To identify the distinct cell states of Tregs at different pseu-
dotime, trajectory analysis was conducted using the “Mon-
ocle” R package (Version: 2.18.0) [35, 36]. We filtrated out
the low-quality cells and genes with low dispersion, and
employed the “Differential GeneTest” function to select the
top 1000 genes for ordering. Afterwards, the “DDRtree”
method helped accomplish dimensionality reduction and
identify the branch points in cell fates. After the pseudotime
of the Tregs was determined, the DEGs for ordering were
utilized to distinguish Tregs in different states, illustrating
how differential gene expression prompted the divergence
of cell fates toward distinct directions. Lastly, genes signifi-
cantly associated with Treg states (p < 0.05) were named as
TSRGs.

2.7 Determination of Treg States-related prognostic
genes (TSRPGs)

To select the genes most statistically related to the OS of
KIRC patients, we performed Kaplan-Meier (K-M) sur-
vival and univariate Cox proportional hazards regression
analyses with strict criteria (p<0.001) [37]. Afterwards,
we intersected the genes with TSRPs, to build a gene set
called TSRPGs. Specifically, the extracted genes needed to
be expressed in both scRNA-seq and bulk-RNA-seq data-
sets, and a final set comprising 44 genes was established.
The prognostic information and interrelationships between
TSRPGs were visualized.

2.8 ConsensusClusterPlus analysis identified three
novel molecular subtypes of RCC

To identify novel molecular subtypes based on the expres-
sion levels of TSRPGs among KIRC patients, we employed
the “ConsensusClusterPlus” package for unsupervised clus-
tering [38]. Taking the cumulative density function, the
number of patients in each cluster (avoiding clusters with
too few patients), as well as the high intra-cluster and low
inter-cluster correlation into consideration, we determined
that the optimal number of RCC subtypes was three. Next,
we showed the heatmap that demonstrated the expression
levels of TSRPGs in the three subtypes together with their
clinical information, and we named our classification as
RCC Treg states-related prognostic classification (RCC-
TSC). Furthermore, a statistical comparison of TSRPGs’
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expression among the three subtypes was performed and
presented in boxplots.

2.9 Using PCA for patients of three subtypes to
further validate RCC-TSC

After PCA, the principal components (PCs) of each subtype
were visualized, and PCA scores for patients in each subtype
were also calculated. The PCA score, a continuous variable,
could provide additional meaning to verify RCC-TSC. By
calculating the optimal cut-off value using “surv_cutpoint”
function, patients were stratified into high PCA score group
(H-PCA) and low PCA score group (L-PCA). Subsequent
K-M survival analysis was performed to explore the predic-
tive capability of PCA scores.

2.10 Correlation between multi-omics landscapes
and RCC-TSC

The original multi-omics data, the Tumor Immune Dys-
function and Exclusion (TIDE) landmarks and immunophe-
noscore (IPS) files of KIRC patients were downloaded from
TCGA and TIDE database respectively [39]. CIBERSORT
was employed to comprehensively calculate the infiltra-
tion levels of 22 different immune cell subtypes in each
patient. We assessed the immune infiltration landscapes
and evaluate the immune function enrichment score using
single-sample gene set enrichment analysis (ssGSEA) [40].
We also calculated the immune enrichment score of TIDE,
dysfunction, exclusion, Merck18, myeloid-derived suppres-
sor cell (MDSC), tumor-associated macrophage (TAM) M2,
cancer-associated fibroblast (CAF), microsatellite instabil-
ity (MSI), PD-L1, and IPS file (CTLA-4 and PD-1 expres-
sion), then comparing them among three RCC subtypes and
exploring its relationship with PCA scores.

The mutation profiles were analyzed using the “Maftools”
R package, which identified different mutation types. Next,
we calculated the tumor mutation burden (TMB) and MSI
[41]. Then, waterfall plots depicting the genes with the most
frequent mutations were displayed for both L-PCA and
H-PCA. Also, we compared the TMB/MSI between L-PCA
and H-PCA, assessing their correlation. Subsequently, we
employed K-M survival analysis to examine the combined
predictive value of PCA scores and TMB in predicting prog-
nosis. Stepwise, we determined the copy number variation
(CNV) frequencies of the 44 genes via read-depth analysis,
and the mutated genes were then mapped onto the chromo-
some and visualized using the “RCircos” R package.

@ Springer

2.11 Differential analysis of primary and metastatic
KIRC in TCGA and MET500 databases

DEGs were identified between primary and metastatic KIRC
patients in TCGA and MET500 databases using the “edge”
R package [42] with thresholds set at [log2 FC| > 1.0 and
adjusted p-value < 0.05. Next, expression levels of TSRPGs
were compared between the primary and metastatic KIRC.
Additionally, differential expression analysis was conducted
for transcription factors and cancer hallmarks. The results
were visualized by heatmaps, volcano plots respectively.

2.12 Construction of the regulatory networks of
each RCC subtype

For each subtype, we performed correlation analysis
between TSRPGs (with significant differences between pri-
mary and metastatic KIRC) and various components includ-
ing upstream differentially expressed transcription factors
(DETFs), and downstream factors including immune cells,
immune function, cancer hallmarks, as well as proteomics.
The thresholds of the correlation analysis were set at R
(correlation coefficient)] > n and p <0.05, and n varied for
different components and three subtypes, so that we could
find the most significant pairs (with highest correlation coef-
ficient). The results were depicted in three heatmaps, and
the most significant components were chosen to construct
the regulatory networks.

2.13 Anti-RCC drug response prediction for three
different subtypes

Firstly, we used “pRRophetic” R package to predict poten-
tial drugs for each RCC subtype [43, 44]. Through analyz-
ing the expression profiles of each subtype, the significant
drugs were discovered and their drug sensitivity (IC50) was
predicted. We also employed the CCLE and GDSC data-
bases to predict inhibitors. Initially, we extracted the tran-
scriptome and drug sensitivity data of the cancer cell lines.
The drugs that were cytotoxic for more than 10% of the cell
lines were excluded from our subsequent research. Next, we
matched the CCLE cell lines to the three RCC subtypes.
Secondly, we downloaded the sensitivity of tumors cell
lines to cytotoxic drugs from GDSC database and explored
their similarity to the CCLE cell lines. Finally, we could
use the drug responses of the GDSC cell lines to evaluate
the drug responses of the similar RCC subtypes. Besides,
molecular docking analysis was performed using PyMOL
(Version 1.3, Schrodinger, LLC) to prepare the 3D structure
of LAG3 by removing water molecules. Adding hydrogen
atoms and the generation of PDBQT files for both receptors
and ligands were performed utilizing AutoDock Tools [45],
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which also enabled the setup of a 3D grid box around the
receptor’s binding site. AutoDock Vina was then employed
to predict the optimal binding conformations between
ligands and receptors, with the docking results subsequently
analyzed in PyMOL [46].

2.14 Assay for transposase-accessible chromatin
sequencing

Assay from transposase-accessible chromatin sequencing
(ATAC-seq) data of KIRC samples were obtained from the
TCGA cohort of chromatin accessibility landscape of pri-
mary human cancers (https://gdc.cancer.gov/about-data/pu
blications/ATACseq-AWG) [47]. ATAC-seq could validate
the chromatin accessibility of the key genes in the three
regulatory networks, and the analysis was performed with
the UCSC genome browser (www.genome.ucsc.edu), “org.
Hs.eg.db” R package and “TxDb.Hsapiens.UCSC.hg38.
knownGene” R package. Each chromosome was partitioned
into 92 segments, and the number of binding peaks was nor-
malized by peak density. Subsequently, the total number of
peaks in these segments was counted to characterize chro-
matin accessibility for the corresponding region.

2.15 Kyoto encyclopedia of genes and genomes
(KEGG) pathway enrichment analysis

KEGG pathway enrichment analysis was conducted for
each subtype to identify the top 10 significant pathways. In
the visualized bubble plots, the size of each bubble repre-
sented the number of genes enriched in the corresponding
pathway, while the color indicated the significance of the
enrichment.

2.16 Construction and validation of a prognostic
risk-related prediction with 15 TSRPGs

Patients in the TCGA database with intact data including the
information of metastasis were included. Firstly, univariate
Cox proportional hazards regression analysis was conducted
for TSRPGs. Secondly, least absolute shrinkage and selec-
tion operator (LASSO) regression analysis was performed
to optimize the number of genes used in constructing the
prognostic model [48]. Thirdly, 522 patients were randomly
divided into a training set and a test set in a 6:4 ratio for
model construction.

The  formula of risk score was: risk
score =f; X gene, + 3, X gene, +... 4+ B, X gene,, [49].

In this equation, “B” represents the coefficient of each
gene, “gene” denotes the expression level of each gene, and
“n” signifis the sequential number of the gene. Afterwards,
patients in the train, test, all sets were respectively divided

into the low-risk group and the high-risk group, and K-M
survival analysis was performed. Additionally, receiver
operating characteristic (ROC) curves were used to evalu-
ate the sensitivity and specificity of the prediction model,
and area under the curve (AUC) was calculated to quantify
its effectiveness. Moreover, univariate and multivariate Cox
proportional hazards regression analyses were conducted
for age, TNM stage, and the risk score, to verify risk score
as a significant and independent prognostic factor. Then,
we explored the correlation between risk score and clinical
variables using Chi-square tests. Moreover, we performed
gene oncology (GO) and KEGG analysis and GSEA for the
low-risk and high-risk groups. Finally, the fractions of vari-
ous immune cell types and the TIDE landscapes were com-
pared between low-risk and high-risk patients.

2.17 Using immunohistochemical (IHC) staining to
classify patients of a large real-world cohort into
different subtypes of RCC-TSC

A retrospective cohort study included 370 patients diag-
nosed with kidney neoplasms, primarily KIRC, who under-
went curative surgery at Xinhua Hospital between 2016 and
2018. The paraffin samples from these patients were avail-
able and the patient information including demographic fac-
tors, tumor characteristics, follow-up data were collected.
The follow-up period was ended in March 2021, and the sur-
vival status of each patient including OS and progression-
free survival (PFS) were retrieved. PFS censor was defined
as progression or death, and we classified patients into high
or low PFS/OS groups with the corresponding median.

We selected four TSRPGs as the marker genes for sub-
type 2 (LAG3, Mki67), and subtype 3 (DNAJA1, DNAJB4)
respectively. The four marker genes were selected based on
strict criteria. Firstly, gene expression could be detected at
the proteomic level in the tissue of renal tumor. Second, the
gene expression level should have significant differences
among the three subtypes and had the highest expression
in the subtype with best or worst prognosis. Thirdly, the
regulatory networks and previous literature were taken into
account. We then performed IHC staining of the four mark-
ers on the tissue microarrays (TMA) of the patients. The
processes of IHC staining were as follows. Above all, the
kidney neoplasm tissues were fixed, embedded, and sliced
into paraffin sections. Next, dewaxing and rehydration were
performed, followed by antigen retrieval to expose specific
antigens (LAG3, Mki67, DNAJA1, DNAJB4) via EDTA
(pH=9.0) or citric acid (pH=6.0) antigen-retrieving buf-
fers. Subsequently, to block the endogenous peroxidase, the
samples were incubated in 3% hydrogen peroxide solution,
and then washed in phosphate buffer saline solution. Also,
the samples were treated with 3% bovine serum albumin
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for prevention of the non-specific antibody binding. The
primary antibodies, encompassing LAG3 (Proteintech,
29548-1-AP, 1:200), Mki67 (Proteintech, 27309-1-AP,
1:500), DNAJA1 (Affinity, DF8940, 1:100), and DNAJB4
(Proteintech, 13064-1-AP. 1:50) with different concentra-
tion, were then introduced to interact with the exposed anti-
gens. Subsequently, secondary antibodies marked with HRP
(an enzyme) were utilized to bind to the primary antigen-
antibody complex. The specific substrate DAB for HRP
was applied for the following chromogenic reaction, and
counterstain with hematoxylin that could provide contrast
and highlight the nuclei was also employed for inducing an
evident color change. Following this, the samples under-
went dehydration with alcohols of different concentration
gradients. Eventually, pictures of all TMAs were obtained
utilizing a microarray scanner.

Two experienced pathologists were enrolled to indepen-
dently review and evaluate these TMAs. The conflicted
results would be carefully checked by a third pathologist,
and we finally obtained a comprehensive and dependable
result of the acquired data. Specifically, the IHC scoring
for each sample was determined based on both the area and
intensity of staining. The area was defined as the propor-
tion of stained tumor cells in the TMA, with 0%, 1-10%,
11-40%, 41-70%, 71-100% corresponding to 0—4 scores
respectively. The intensity of the renal tumor cells was clas-
sified into negative (0), weak (1), moderate (2), and strong
(3). Subsequently, the area and intensity scores were mul-
tiplied to get the IHC scores (ranging from 0 to 12), which
were stratified into low (0—4), medium (5-8), and high
(9—12). Finally, with the differential expression of the four
key markers, we classified the patients into three subtypes
of RCC-TSC.

2.18 Validation of RCC-TSC utilizing statistical
analyses

At the beginning, we performed detailed descriptive statis-
tics for the scores of IHC staining, together with all clinical
variables, including age, gender, histopathological classifi-
cation, Fuhrman nuclear stage, TNM stage, stage, OS cen-
sor, OS, PFS censor, PFS, and number of patients in three
RCC-TSC subtypes. Notably, patients who with missing
information were excluded when we conducted the follow-
ing analyses. Firstly, we conducted K-M survival analysis
to explore the relationship between OS, PFS and RCC-TSC
in KIRC patients, all patients with kidney neoplasm, and
patients excluding those with KIRC. Next, we performed
Chi-square tests between other clinical variables and RCC-
TSC. Then, we included age, gender, histopathological
classifications, Fuhrman nuclear stage, stage and RCC-TSC
into the multivariate Cox proportional hazards regression
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analysis, to explore whether RCC-TSC was an indepen-
dent prognostic factor for OS and PFS. Based on the model,
nomograms were constructed for OS and PFS prediction.
Also, we generated risk score and explored its relationship
with OS and PFS. Finally, we performed schoenfeld tests,
and presented residual plots, ROC curves of the sensitivity
and specificity tests, and calibration curves to comprehen-
sively validate our model.

2.19 Quantitative statistical analysis

In our study, results meeting both a two-tailed p-value < 0.05
and a false discovery rate < 0.05 were considered statistically
significant, unless explicitly otherwise. Analytical processes
were performed using R (Institute for Statistics and Math-
ematics, version 4.2.3; www.r-project.org; Vienna, Austria)
and Python version 3.6 software (https://www.python.org/).
Descriptive statistics utilized the mean+standard devia-
tion for normally distributed continuous variables and the
median with range for non-normally distributed continuous
variables. Furthermore, parametric tests were employed to
compare means of different groups when variables accorded
with Gaussian distribution and homogeneity of variance.
Otherwise, non-parametric test was utilized. Parametric
and non-parametric tests respectively comprised the t-test,
analysis of variance, Pearson correlation, and Wilcoxon
test, Mann-Whitney U test, Kruskal-Wallis test, Spearman
correlation.

3 Results

3.1 ScRNA-seq analysis revealed molecular
characteristics of CD4+T cells in RCC

The schematic diagram and detailed flowchart were respec-
tively presented in Fig. 1A and Figure S1, illustrating the
primary processes of our study. Generally, we firstly per-
formed scRNA sequencing, annotation, trajectory analy-
sis, and prognostic analysis (TCGA cohort) to determine
the TSRPGs. Secondly, we established a novel molecular
classification system with three RCC subtypes (RCC-TSC),
which demonstrated significant prognostic and immuno-
logical implications for RCC patients. Finally, we vali-
dated RCC-TSC in Xinhua cohort (370 patients) with [HC
staining and statistical analyses, and a diagnostic kit was
designed, which could be applied for patient diagnosis in
the near future.

For scRNA-seq analysis, CD4+T cells were specifi-
cally extracted, and 24 different cell clusters were annotated
among the 12 samples (Fig. 1B). We firstly demonstrated
all DEGs in a scatter diagram (Figure S2A). The relative
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expression level and spatial distribution of the significant
marker genes were demonstrated for Tregs (Fig. 1C) and
other CD4+T cells (Figure S2B). Following that, the cleve-
land dot plot depicted the expression levels of the four key
marker genes (CD3D, FOXP3, IL17A, IL21) across all 24
cell clusters (Figure S3A). CD3D was highly expressed in
all clusters, while FOXP3 had higher expression in four
Treg clusters and two clusters with mixed cells. Addition-
ally, the percentage of each sample for the cell types were
shown in bar plots, and Figure S3B visualized the cell num-
bers and proportions of the 12 sample sources. Also, the top
5 key genes of each cell type were illustrated in a heatmap
(Figure S3C). In cellular communication analysis, Figure
S3D showed that Tregs had many interactions with other
CD4+T cells. The cell cycle score plots revealed that a high
proportion of SIPR1+Treg and NME1 +mix T cells were
at G2M phase (Figure S3E).

3.2 Integrated analyses of DEGs, cellular
communication, and functional analysis in Tregs

Tregs exert significant inhibitory effects on the TIME, and
to better elucidate the biological functions of Tregs in RCC,
we extracted the Treg clusters for further analysis (Fig. 1D).
Next, Figure S4A shows the expression levels of four key
marker genes (S1PR1, TNFRSF9, RTKN2, OASI) that
characterized the four clusters. In Figure S4B, heatmap of
the top five key genes for each Treg cluster displayed great
heterogeneity among them. Cellular communication analy-
sis revealed strong and complex interactions among the four
clusters (Figure S4C). Considering the biological functions,
GSVA identified the activated cancer hallmarks (Figure
S4D). Notably, Hedgehog signaling, Kras signaling dn, and
epithelial mesenchymal transition signaling pathways were
most activated in all the four Treg clusters.

3.3 Trajectory analysis unveiled the temporal
dynamics of gene expression and determined
different Treg states

To figure out the heterogeneity and temporal dynamics of
the four Treg clusters, we performed the trajectory analysis.
Figure 1E illustrates the distribution of Tregs across differ-
ent pseudotime points and spatial locations. With two bifur-
cation points, five Treg trajectory states were determined.
Trajectory states 1 and 5 were positioned at the beginning
of pseudotime, whereas trajectory states 3 and 4 were situ-
ated at the terminal branch. The four Tregs clusters were
also plotted at the trajectory (Fig. 1E, Figure S5A). Com-
paratively, RTKN2-Treg and OSA1-Treg were respectively
located at the beginning and ending of the pseudotime.
Furthermore, the heatmap depicted that differential gene

expression resulted in the divergence of distinct cell states
(Figure S5B), validating their pivotal role in determining
Treg states. As a result, these genes were termed Treg states-
related genes (TSRGs), which were the candidate biomark-
ers in determining the Treg states.

3.4 Determination of the Treg States-related
prognostic genes (TSRPGs)

Though the TSRGs were significantly associated with Treg
temporal dynamics and states, their prognostic implications
required further exploration. Consequently, we performed
prognostic analysis on the 537 patients in the TCGA-
KIRC cohort, whose baseline information is demonstrated
in Table S1. As a result, 44 significant genes in univariate
Cox proportional hazards regression analysis (Unicox_sig,
p<0.001) and 82 significant genes in K-M survival analy-
sis (KM_sig, p<0.001) for OS were obtained. Finally, we
intersected the TSRGs, Unicox_sig, and KM_sig to build
a gene set called the TSRPGs, which contained 44 genes
(Fig. 1F). The prognostic information of the TSRPGs were
demonstrated in Figure S6A and Table S2. We also built the
co-expression network to visualize the relationship between
the TSRPGs (Figure S6B). Moreover, TSRPGs in state 1
and state 3 were all identified as risk factors, while KLF6 in
state 4 was a favorable prognostic factor.

3.5 Prognostic and immunological implications for
RCC-TSC

To improve the integration and operability of the TSRPGs
for prognostic prediction, we used clustering analysis to con-
struct a classification system based on the expression levels
of TSRPGs from TCGA database. As a result, we named
the classification system of three RCC molecular subtypes
as RCC Treg states-related prognostic classification (RCC-
TSC). The CDF curve, delta area of the CDF, and consensus
matrix were demonstrated in Figure S7A-C respectively. In
Fig. 2A integrates clinical information, disease conditions,
expression levels of TSRPGs, trajectory states, and three
clusters in the heatmap. More importantly, in Fig. 2B, the
survival probability of cluster 2 was the lowest among the
three clusters (p <0.001), manifesting the significant prog-
nostic relation of RCC-TSC. It should be noted that cluster
2 and cluster 3 respectively had the highest and the lowest
expression of TSRPGs in state 1 and 3 (all were risk fac-
tors), which could partially explain their differential progno-
sis (Fig. 2C). The immune infiltration of most immune cells
was highest in cluster 2, particularly activated CD8 + T cells,
activated dendritic cells (DCs), MDSCs, macrophages, NK
cells and various CD4+T cells (Fig. 2D). Consequently,
we renamed cluster 1, 2, 3 as moderate immune infiltration
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{ Fig. 2 Construction of a novel molecular classification (RCC-TSC)
with significant prognostic and immunological implications. A The
heatmap integrated the clinical information, disease conditions,
expression levels of TSRPGs, trajectory states, and three RCC sub-
types. B In the K-M survival plot, the survival probability of LIRC
and HIRC were the highest and the lowest respectively (p <0.001),
manifesting the significant prognostic relation of RCC-TSC. C The
expression level of TSRPGs was compared among the three clusters,
which was all significant. Notably, cluster 2 (HIRC) and cluster 3
(LIRC) respectively had the highest and the lowest expression of genes
in state 1 and 3, which were all risk factors. D The immune infiltration
of most immune cells was highest in cluster 2, especially activated
CD8+T cells, activated DCs, MDSC, macrophage, NK cell and vari-
ous CD4+T cells. E The PCA scores of patients were calculated, while
PCA scores in HIRC and LIRC were correspondingly the highest and
the lowest. F The TIDE score was highest in HIRC, followed by MIRC
and LIRC. G The dysfunction score was highest in HIRC, indicating
HIRC had the highest number of T cells (especially CDS cells) at late
stage of dysfunction. H More patients in HIRC had higher expres-
sion for both CTLA4 and PDI. I Patients in H-PCA group had higher
expression for both CTLA4 and PD1. RCC-TSC, renal cell carcinoma-
Treg states-related prognostic classification; TSRPGs, Treg states-
related prognostic genes; LIRC, low immune infiltration RCC, HIRC,
high immune infiltration RCC. DC, dendritic cell; MDSC, myeloid-
derived suppressor cell; PCA, principal component analysis; TIDE,
tumor immune dysfunction and exclusion; MIRC, moderate immune
infiltration RCC; H-PCA, high-PCA group

RCC (MIRC), high immune infiltration RCC (HIRC), low
immune infiltration RCC (LIRC) respectively.

To further explore the prognostic relevance of RCC-TSC,
and to reduce the potential bias introduced by categorical
variables, we conducted PCA for the three RCC subtypes.
The results were illustrated in Figure S7D, indicating the
HIRC was greatly separated from LIRC. The PCA scores of
patients in HIRC and LIRC were correspondingly the high-
est and the lowest (Fig. 2E). Then, Figure S7E suggests that
high PCA scores of patients signified significantly shorter
OS (p<0.001). Finally, Figure S7F shows that PCA scores
were positively correlated to the infiltration of most immune
cells. In summary, using TSRPGs, we proposed an effective
molecular classification with distinct OS and immune infil-
tration features for RCC patients.

3.6 Unveiling the characteristics of TIME for three
RCC subtypes

Given the significant association between RCC-TSC and
prognosis, as well as immune infiltration in RCC, we fur-
ther investigated its relationship with immune dysfunction
phenotypes. CD8+, IFNG, and Merck 18 (T-cell-inflamed
signature) scores were highest in HIRC (Figure S8A-C).
However, the TIDE score (Fig. 2F), dysfunction score
(Fig. 2G), were also highest in HIRC, followed by MIRC
and LIRC. It indicated HIRC had the highest number of
pro-inflammatory cells (especially CDS8 + cells), but with a
high proportion at late stage of dysfunction [50, 51], which
were associated with resistance of ICB reprogramming [51,

52]. No significant difference was found for exclusion score
(Figure S8D), while MIRC and LIRC respectively had high-
est infiltration of CAF, MDSC and TAM M2 (Figure SSE-
G). Besides, MSI was highest in LIRC (Figure S§H). PD-L1
did not differ significantly among three subtypes (Figure
S8I), but had higher expression in H-PCA group (Figure
S8J). Furthermore, patients in HIRC or H-PCA had higher
expression of CTLA4 and PD1 (Fig. 2H-I, Figure S8K-L).
These analyses revealed that the TIME of HIRC patients
with H-PCA was the most dysfunctional, potentially cor-
relating with a higher response rate to immune checkpoint
blockade (ICB) therapies.

3.7 Multi-omics analysis of genomics and
epigenomics

We delved into the genomic and epigenomic landscapes.
Figure S9A and Figure S9B respectively illustrate the top
20 significantly mutated genes in the H-PCA and L-PCA
groups. The mutation rate in KIRC patients was approxi-
mately 80%, suggesting a high level of genomic instabil-
ity. VHL mutation dominated in both groups, followed by
PBRMI, TTN, BAPI, and SETD2. Next, TMB and MSI
showed no significant differences between H-PCA and
L-PCA groups, and exhibited no linear relationship with
PCA score (Figure S9C). However, patients with high
TMB had significantly better OS (Figure S9D). Moreover,
patients with H-PCA and H-TMB had the longest OS among
all KIRC patients (p <0.001) (Figure S9E). Almost all the
TSRPGs exhibited CNV, with frequent changes observed
in PTTG1, LMNBI1 and DTYMK (Figure S9F), located in
chromosomes 5, 5 and 2 respectively.

3.8 Performing differential analysis for genes, TFs,
cancer hallmarks between primary and metastatic
KIRC samples

Given that TIME is closely associated with tumorigenesis,
progression, metastasis, while metastasis usually indicated
a poor outcome, we conducted the differential analysis
between primary and metastatic KIRC samples. Figure
S10A-B presents the DEGs between primary and metastatic
KIRC. All TSRPGs were validated as DEGs, and were
specifically pointed out in the volcano plot. Subsequently,
DETFs were identified and visualized in Figure S10C-D.
Then, GSVA was employed to compare the differentially
activated cancer hallmarks (Figure S10E). Afterwards, the
GSVA scores were quantified, with activated and inhibited
pathways presented at the top and bottom respectively (Fig-
ure S10F). Unfolded protein response, DNA repair, E2F
targets were most activated, while KRAS signaling dn, pan-
creas beta cells, spermatogenesis were most downregulated.
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3.9 Construction of the regulatory networks for
three RCC subtypes

To figure out the metastasis-related molecular mechanisms,
we built the regulatory networks by correlation analysis.
These networks included the midstream TSRPGs and criti-
cal biological components (upstream DETFs and down-
stream factors including immune cells, immune functions,
cancer hallmarks, as well as proteomics) (Fig. 3A). Compo-
nents in the regulatory networks may play critical roles in
the metastasis of three RCC subtypes correspondingly. The
correlation coefficients between all the key biological com-
ponents are shown in Fig. 3B. In MIRC, the dominant regu-
latory TSRPGs were LMNBI1 and PTTGI, both of which
exhibited significant co-expression patterns with DETFs
(MYBL2, NCAPG, CENPA, LMNBI), cancer hallmarks
(E2F targets), protein (CyclinB1), and immune compo-
nents (T cells CD4+ memory activated and Tth). In HIRC,
the most aggressive subtype, the regulatory TSRPGs were
LAG3 and HSPAS. LAG3 exhibited strong co-expression
with upstream BATF (R=0.77), and downstream T cells
CD8+ (R=0.69), CD8+T cells (R=0.65), T cell co-inhi-
bition (R=0.74), and Tth (R=0.69). In LIRC, KLF6 and
CXCLI13 were the key TSRPGs in the regulatory network.
CXCLI13 showed a high correlation with IRF4 (R=0.69)
and Tth (R=0.7). Additionally, the expression levels of
DETFs and TSRPGs in the three regulatory networks are
illustrated in the heatmaps (Figure S11A). Furthermore, the
10 most significant pathways for the three RCC subtypes are
displayed in the KEGG bubble plots (Figure S11B). Finally,
ATAC-seq was conducted, validating the chromatin acces-
sibility of six key regulatory TSRPGs (Figure S11C).

3.10 Prediction of drugs for three RCC subtypes

To individualize therapeutic strategies for the three RCC
subtypes, we selected the drugs that could confer best ther-
apeutic efficacy for each RCC subtype. We then utilized
“pRRophetic” R package to predict the potential candi-
dates of drugs (Fig. 3C). Drugs including sunitinib (a well-
developed TKI for RCC patients) [2], cyclopamine (targets
the Hedgehog pathway) [53, 54], bosutinib, lenalidomide,
all-trans retinoic acid (ATRA) were potential drugs for
HIRC. Drugs for treatment of MIRC and LIRC are respec-
tively shown in Figure S12A-B. We subsequently mapped
the expression matrix of three RCC subtypes with the cell
lines in the CCLE database and the results are displayed
with TSRPGs in Fig. 3D, and significant results among
the predicted drugs for MIRC, HIRC, LIRC were respec-
tively depicted in Fig. 3E and Figure S12C-D. Among them,
selumetinib, pemetrexed, refametinib emerged as potential
effective drugs for HIRC.
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Fig. 3 The regulatory networks and potential inhibitors for three}
RCC subtypes. A The regulatory networks were built by correlation
analysis, which contained the midstream TSRPGs and critical biologi-
cal components (upstream DETFs and downstream factors including
immune components, cancer hallmarks, as well as proteomics). B
The correlation coefficients between all the key biological compo-
nents were shown. In MIRC, the dominant regulatory TSRPGs were
LMNBI and PTTG1, which both exhibited significant co-expression
pattern with DETFs (MYBL2, NCAPG, CENPA, LMNBI), cancer
hallmarks (E2F targets), proteomics (CyclinB1), and immune compo-
nents (T cells CD4 memory activated and Tfh). In HIRC, the most
aggressive subtype, regulatory TSRPGs were LAG3 and HSPAS.
LAG3 shown strong co-expression with upstream BATF (R=0.77),
and downstream T cells CD8 (R=0.69), CD8+T cells (R=0.65), T
cell co-inhibition (R=0.74), and Tth (R=0.69). In LIRC, KLF6 and
CXCL13 dominated. And CXCL13 had high correlation with IRF4
(R=0.69) and Tth (R=0.7). C Utilizing the “pRRophetic” R pack-
age, the potential candidates of drugs were predicted. Drugs including
sunitinib, parthenolide, roscovitine, cyclopamine, bosutinib, lenalido-
mide, ATRA, salubrinal were potentially feasible drugs specifically for
HIRC. D After mapping the resemblances of the expression matrix
of three RCC subtypes with the cell lines in the CCLE database, the
results with TSRPGs were displayed. E A comparative analysis of the
therapeutic efficacy of drugs was conducted across the three clusters,
and significant results of HIRC were illustrated in the boxplots. Selu-
metinib, pemetrexed, refametinib, could be potential drugs for HIRC.
RCC, renal cell carcinoma; TSRPGs, Treg states-related prognostic
genes; DETFs, differentially expressed transcription factors; MIRC,
moderate immune infiltration RCC; HIRC, high immune infiltration
RCC; LIRC, low immune infiltration RCC; ATRA, all-trans retinoic
acid; CCLE, Cancer Cell Line Encyclopedia

Potential binding patterns between LAG3 and sunitinib,
cyclopamine were analyzed with molecular docking analy-
sis (Figure S12E). When the sunitinib bonded with VAL-
231, SER-182, and THR-266, it showed lowest affinity of
-7.2 kcal/mol. While for the cyclopamine, it showed lowest
affinity of -7.9 kcal/mol in the conformation bonded with
ARG-210.

3.11 Construction and validation of a prognostic
prediction model with TSRPGs

Using the TSRPGs to construct a prognostic prediction
model, and demonstrated the expression level of TSRPGs
between primary and metastatic KIRC (Fig. 4A). ORA
unveiled TSRPGs were enriched in immune functions,
cell cycle, cell division, and cancer-associated pathways
(Figure S13A). The hazard ratio (HR) of TSRPGs in uni-
variate Cox proportional hazards regression analysis are
shown in Figure S13B. To mitigate overfitting of TSPRGs
in our model, LASSO regression analysis was employed
(Fig. 4B). A total of 15 genes, along with their correspond-
ing coefficients were determined for the model. Subse-
quently, KIRC patients were randomly separated into a
training set and a test set. The expression levels of the
15 genes were visualized in heatmaps (Figure S13C) and
compared between the low-risk and high-risk patients in
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{ Fig. 4 Construction and validation of a prognostic prediction model
with TSRPGs. A The heatmap demonstrated the expression level of
TSRPGs between primary and metastatic RCC. B To mitigate the
overfitting impact of TSPRGs in our model, we employed LASSO
regression analysis, and 15 genes together with their corresponding
coefficients were determined for the model. C The expression level
of the selected genes was compared between the low-risk and high-
risk patients in all, train, test sets respectively, which all demon-
strated statistical significances. D Through univariate Cox regression
analysis, risk score was verified as a significant factor (HR =65.827,
95% CI1=24.764-174.978, p<0.001). E Through multivariate Cox
regression analysis, risk score was validated as an independent factor
(HR=28.612, 95% CI=9.318-87.856, p<0.001). F The Chi-square
test demonstrated patients in high-risk group were significantly associ-
ated higher probability of death, higher grade, T stage, M stage, and
worse cancer status. G High-risk patients had significantly lower pro-
portion of MO stage (p=0.001). H The five most significant hallmarks
for high-risk patients were presented, prominently featuring cell cycle-
related pathways, EMT and inflammatory response pathways. I Adi-
pogenesis, androgen responses signaling hallmarks were highly acti-
vated in the low-risk patients. TSRPGs, Treg states-related prognostic
genes; RCC, renal cell carcinoma; LASSO, least absolute shrinkage
and selection operator; HR, hazard ratio; CI, confidential interval

three sets respectively (Fig. 4C), all of which demonstrated
statistical significances. Next, the risk score of each patient
was calculated, and combined the risk score together with
OS in scatter plots (Figure S13D). A high risk score was
associated with shorter OS, as validated in K-M survival
plots (Figure SI13E). ROC curves and AUC values dem-
onstrated the robust performance of the model (Figure
S13F). Then, univariate and multivariate Cox proportional
hazards regression analyses were used, validating risk
score as a significant risk factor (Fig. 4D, HR=65.827,
95% CI1=24.764-174.978, p<0.001) and an independent
risk factor (Fig. 4E, HR =28.612, 95% CI=9.318-87.856,
p<0.001). Moreover, Fig. 4F shows patients in high-risk
group were significantly associated a higher probability of
death, higher grade, T stage and M stage (Fig. 4G), and
worse cancer status. In Fig. 4H presents the five most
significant hallmarks for high-risk patients, prominently
featuring cell cycle-related pathways, EMT, and inflam-
matory response pathways. In Fig. 51 demonstrates that
adipogenesis and androgen responses signaling hallmarks
dominate in the low-risk patients. GO and KEGG path-
ways for the two groups are respectively demonstrated in
Figure S13G-H.

3.12 Exploring the association between immune
components and KIRC patients with different risks

In the immune subtype analysis, low-risk KIRC patients
were more frequently associated with C3-subtype (inflam-
matory) (Figure S14A, p=0.002), characterized by ele-
vated expression of Th17 and Thl genes. The C3-subtype
exhibited low to moderate cellular proliferation, lower
levels of chromosomal aneuploidy, higher somatic CNVs,

and the most favorable prognosis [55]. Next, the propor-
tion of 22 immune cells were extracted (Figure S14B), and
the immune cells and scores of immune functions were
then compared between the low-risk and high-risk groups
(Figure S14C-D). Significant differences were observed
between high-risk group and low-risk group, which was
further significantly associated with distinct survival prob-
abilities (Figure S14E-F). Additionally, TIDE, dysfunc-
tion, CD8+, Merck18, and exclusion scores were higher
in high-risk KIRC patients (Figure S15A-E). Low-risk
KIRC patients exhibited higher MSI, CD274, TAM M2
and MDSC infiltration, but lower CAF infiltration (Figure
S15F-K). These findings validated the significant associa-
tion between immune components and KIRC patients with
different risks.

3.13 RCC-TSC was validated as an independent
prognostic factor in Xinhua cohort

The flowchart of our cohort study is shown in Fig. 5A,
and the analytic processes primarily composed of three
parts, including IHC staining for the retrospective cohort,
molecular classification, and statistical validation. The rela-
tive expression levels of the markers used for IHC staining
and classification are shown (Fig. 5B). MKi67 and LAG3
expressed highest in HIRC, while DNAJA1 and DNAJB4
had highest expression in LIRC. Our retrospective cohort
contained 370 patients, and the detailed information was
presented in Table 1; Fig. 5C. 6.22% of the patients were
deceased and 11.08% patients suffered PFS censor. Con-
sidering the age category, patients in 2140, 41-60, 61-88
groups were 8.92%, 52.43%, 38.65% respectively. 69.19%
patients were male and most patients (88.65%) were diag-
nosed with KIRC. Besides, 48.11% and 28.11% patients
were in T stage la and 1b, while only 0.54% patients had
node metastasis and no patient had distant metastasis, mani-
festing that most patients in this cohort were in early stages.
The K-M survival plots with significant results regarding
OS and PFS for the clinical variables of our cohort are
shown in Figure S16A-B respectively. We illustrate part of
the results for IHC staining in Fig. 5D, and we classified the
370 patients as HIRC (122, 32.97%), MIRC (139, 37.57%),
and LIRC (108, 29.19%) respectively. The IHC scores of
the four markers were compared among the three subtypes
(Figure S16C), demonstrating significant differences.

The K-M survival plots showed that patients in the
HIRC group had the lowest OS and PFS in KIRC patients
(Fig. 6A, OS, p=0.003; PFS, p<0.001). More impor-
tantly, the K-M survival plots in patients with kidney neo-
plasm (OS, PFS, p<0.001), and patients excluding those
with KIRC (OS, p=0.050; PFS, p=0.052) were demon-
strated respectively (Figure S17). These results validated
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4 Fig. 5 IHC staining and scoring for classifying patients in Xinhua
cohort based on RCC-TSC. A The flowchart of our study. Our clinical
study was mainly composed of three analytic processes, including IHC
staining for the tumor tissue of the 370 patients with kidney neoplasm,
molecular diagnosis based on the RCC-TSC, and statistical validation.
The inclusion and exclusion criteria were also shown in detail. Firstly,
370 patients with kidney neoplasm and received curative surgery from
2016-2018 were included. Secondly, due to the incompleteness of
the IHC staining information (DNAJA1, DNAJB4, LAG3, Mki67),
one patient was excluded. Thirdly, when performing Chi-square tests
and Kaplan-Meier survival analysis, 71 (lacking OS censor and PFS
censor) or 75 patients (lacking OS and PFS) were correspondingly
excluded. Finally, when conducting the multivariate proportional
hazards Cox regression analysis, 10 patients whose histopathological
classifications were not KICH, KIRC, or KIRP were excluded. B The
boxplots showed the relative expression in transcriptional level for
the four markers we used for IHC staining and classification. MKi67
and LAG3, DNAJA1 and DNAJB3 respectively expressed highest in
HIRC and LIRC. C The heatmap illustrated the information of the 370
patients in our retrospective cohort. D IHC slides demonstrated the
differential staining results of DNAJA1, DNAJB4, LAG3, Mki67 in
three RCC-TSC subtypes. Specifically, DNAJA1 and DNAJB4 both
had relatively high, medium, and low staining score in LIRC, MIRC,
and HIRC. While LAG3, Mki67 both had relatively high, medium,
and low staining score in HIRC, MIRC, and LIRC. IHC, immuno-
histochemical; RCC-TSC, renal cell carcinoma-Treg states-related
prognostic classification; OS, overall survival; PFS, progression-free
survival; KICH, kidney chromophobe; KIRC, kidney renal clear cell
carcinoma; KIRP, kidney renal papillary cell carcinoma; LIRC, low
immune infiltration RCC; MIRC, medium immune infiltration RCC;
HIRC, high immune infiltration RCC

its effectiveness in KIRC, and its potential feasibility across
various kidney neoplasms. Moreover, Fig. 6B shows that
RCC-TSC was also significantly associated with gender,
histopathological classification, OS censor, PFS classifica-
tion, PFS censor and OS classification. The proportion of
male was highest in LIRC (78%), while lowest in MIRC
(63%) (Fig. 6C). Percentage of KIRC was highest in MIRC
(93%), and all the classification labeled as others were in
LIRC (Fig. 6D). Moreover, HIRC conferred higher prob-
ability of death (13%, Fig. 6E), rates of PFS censor (23%,
Fig. 6F), as well as lower OS (Fig. 6G) and PFS classifica-
tion (Fig. 6H). More importantly, Fig. 61-J validated HIRC
as an independent risk factor for both OS (HR =16.68, 95%
CI=1.88-148.1, p=0.0115) and PFS (HR=4.43, 95%
CI=1.55-12.6, p=0.0054). We also constructed nomo-
grams for OS and PFS prediction (Figure S18A). Then, we
used residual plots, schoenfeld tests (Figure S18B), calibra-
tion curves, ROC curves (Fig. 6K-L) to comprehensively
validate our model’s accuracy, robustness and consistency.
Finally, we also built a risk-related model based on the
multivariate Cox proportional hazards regression analysis,
proving its significant association with patients’ survival
(Figure S18C) and tumor stages (Figure S18D).

Table 1 Demographic information and clinical characteristics of the

370 patients
Variables Number (%) Mean+SD; P value
Median (range)
LAG3 6.60+3.16;
8 (0-12)
DNAJB4 6.78+3.11;
8 (0-12)
DNAJA1 4.89+2.72;
4(0-12)
MKi67 0.27+0.50;
0(0-3)
OS censor 0.008*
Alive 276 (74.59)
Dead 23 (6.22)
Unknown 71 (19.19)
OS (months) 42.39+9.18; 41
(7-62)
OS classification <0.001*
High (>41) 163 (44.05)
Low (<41) 132 (35.68)
Unknown 75 (20.27)
PFS censor 0.002*
Yes 41 (11.08)
No death/progression 258 (69.73)
Unknown 71 (19.19)
PFS (months) 40.90+11.07;
41 (0-62)
PFS classification <0.001*
High (>41) 154 (41.62)
Low (<41) 141 (38.11)
Unknown 75 (20.27)
Age 56.61+£12.47;
55 (21-88)
Age (category) 0.502
21-40 33(8.92)
41-60 194 (52.43)
61-88 143 (38.65)
Gender 0.037*
Female 114 (30.81)
Male 256 (69.19)
KIRC 0.062
Yes 329 (88.92)
No 41 (11.08)
Histopathological 0.002*
classification
KIRC 328 (88.65)
KIRP 18 (4.86)
KICH 8 (2.16)
Others 16 (4.32)
Fuhrman nuclear 0.227
stage
Stage 1 69 (18.65)
Stage 2 234 (63.24)
Stage 3 51 (13.78)
Stage 4 16 (4.32)
T stage 0.801
Tl 282 (76.22)
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Table 1 (continued)

Variables Number (%) Mean+SD; P value
Median (range)

T2 29 (7.84)

T3 53 (14.32)

T4 3(0.81)

Unknown 3 (0.81)

Detailed T stage 0.276

Tla 178 (48.11)

Tlb 104 (28.11)

T2a 17 (4.59)

T2b 12 (3.24)

T3a 49 (13.24)

T3b 2 (0.54)

T3c 2 (0.54)

T4 3(0.81)

Unknown 3(0.81)

N stage

N1 2 (0.54)

NO 368 (99.46)

M stage

M1 0 (0.00)

MO 370 (100.00)

Stage 0.781

Stage 1 282 (76.22)

Stage 2 28 (7.84)

Stage 3 54 (14.59)

Stage 4 3(0.81)

Unknown 3 (0.81)

RCC-TSC

Cluster 1 (MIRC) 139 (37.57)

Cluster 2 (HIRC) 122 (32.97)

Cluster 3 (LIRC) 108 (29.19)

Unknown 1(0.27)

Abbreviations SD, standard deviation; OS, overall survival; PFS,
progression-free survival; KIRC, kidney renal clear cell carcinoma;
KIRP, kidney renal papillary cell carcinoma; KICH, kidney chro-
mophobe renal cell carcinoma; RCC-TSC, renal cell carcinoma-Treg
states-related prognostic classification; MIRC, moderate immune
infiltration renal cell carcinoma; HIRC, high immune infiltration
renal cell carcinoma; LIRC, low immune infiltration renal cell carci-
noma. Variables whose p value of the Chi-square tests were less than
0.05 were signed with “*”

3.14 Using external databases to validate the
results of our annotation in the scRNA-seq analysis
and the risk-related prediction model

In Figure S19A, 7 bulk labels and 17 sub labels are defined
in the scRNA-seq analysis. Feature plots of the marker
genes, such as CD4, CD3E, CD3D, TGFB1, and IL10 are
displayed (Figure S19B). The cell number and cell propor-
tion of different cell types are shown in the bar plots (Fig-
ure S19C). Subsequently, we compared the distribution of
cell types between adjacent normal tissue and tumor tissue
(Figure S20A). As illustrated in Figure S20B, the number

@ Springer

and proportion of cells co-expressing double-positive mark-
ers were higher in the tumor tissue, supporting the potential
promoting role of Tregs in the tumor microenvironment.
Furthermore, in Figure S21A, we demonstrate strong
co-expression of FOXP3, CD4, and the four previously
mentioned markers (RTKN2, S1IPR1, TNFRSF9, OAS1).
Lastly, Figure S21B illustrates the four markers used for
IHC staining.

In the GSE22541 dataset, 12 of the 15 genes in the risk-
related prediction model were found to be significant for
patients’ OS, and eight genes were significant for patients’
disease free survival (Figure S22A-B). Moreover, up to 32
TSRPGs had significantly different expression between
samples of the primary KIRC and the pulmonary metastasis
of KIRC (Figure S22C). These results collectively indicated
the significance of TSRPGs and especially the genes in the
risk-related prediction model.

4 Discussion

RCC, as a highly heterogenous malignancy, poses challenges
in interpreting its biological characteristics and patients’ dif-
ferential prognosis [2, 4, 56]. Recent research has unveiled
the highly immune infiltrated but exhausted characteristics
of RCC in the TIME. The mechanisms underlying the phe-
nomenon include the strong immunosuppressive functions
of Tregs, which significantly inhibit the anti-tumor effect of
CD8+T cells [8, 57, 58]. Moreover, a pan-cancer atlas has
depicted the dynamics and heterogeneity of four Treg sub-
types (TNFRSF9+, OASIT+, RTKN2+, SIPRI+) [10]. To
bridge the gap that relationship between different states of
Tregs and the heterogeneity of RCC plus the prognosis of
patients hasn’t been determined, we conducted a compre-
hensive bioinformatic, pathological and clinical study.
Using scRNA-seq and Monocle 2 pseudotime analy-
ses, we identified the genes that significantly determined
Treg states (TSRG). Then, utilizing ConsensusClusterPlus
algorithm, RCC-TSC was proposed with HIRC identified
as the subtype exhibiting the worst prognosis and highest
immune infiltration. Additionally, high scores of TIDE and
dysfunction indicated a highly exhausted state for T cells
[8]. Afterwards, we predicted the possible drugs for each
subtype. It was found that drugs including sunitinib, cyclo-
pamine, bosutinib, lenalidomide, all-trans retinoic acid
(ATRA), selumetinib, pemetrexed, refametinib could be the
potential inhibitors for HIRC. Besides, we used TSRPGs for
construction of an effective prognostic model on the basis
of risk score, and intercorrelated the model, and RCC-TSC
with multi-omics data. Finally, utilizing the four TSRPGs
(DNAJA1, DNAJB4, LAG3, Mki67), we successfully clas-
sified patients with kidney neoplasm into three RCC-TSC
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{ Fig. 6 Statistical analyses validated the prognostic relevance of RCC-
TSC in Xinhua cohort. A The K-M survival plots validated patients in
the HIRC cluster had the lowest OS (p=0.003) and PFS (p<0.001)
in KIRC patients. B The Chi-square test revealed that RCC-TSC were
significantly associated with gender, histopathological classifications,
PFS censor, PFS classification, OS censor and OS classification. C
The pie chart displayed that the proportion of male was highest in
LIRC (78%), while lowest in MIRC (63%). D The pie chart showed
that percentage of KIRC was highest in MIRC (93%), while lowest in
LIRC (82%). All the classification labeled as others were in LIRC. E
The pie chart demonstrated that HIRC conferred higher probability of
death (13%), while MIRC and LIRC were 8% and 1% respectively.
F The pie chart suggested that HIRC conferred higher probability of
PFS censor (23%), while MIRC and LIRC were 11% and 7% respec-
tively. G The pie chart displayed that the patients of HIRC had higher
proportion of low OS (74%), greatly surpassing MIRC (47%) and
LIRC (9%). H The pie chart showed that patients of HIRC had higher
proportion of low PFS (77%), higher than MIRC (51%) and LIRC
(10%). I Multivariate proportional hazards Cox regression analysis
validated RCC-TSC as an independent factor and HIRC was a risk
factor for OS (HR=16.68, 95% CI=1.88-148.1, p=0.0115). J Mul-
tivariate proportional hazards Cox regression analysis validated HIRC
as an independent factor for PFS (HR=4.43, 95% CI=1.55-12.6,
p=0.0054). K The calibration curve demonstrated high concordance
and high AUC values in 1 (0.962), 2 (0.891), 3 (0.886), 4 (0.979), 5
(0.968) years for OS. L The calibration curve also demonstrated high
concordance and high AUC values in 1 (0.915), 2 (0.887), 3 (0.838), 4
(0.834), 5 (0.805) years for PFS. RCC-TSC, renal cell carcinoma-Treg
states-related prognostic classification; K-M, Kaplan-Meier; HIRC,
high immune infiltration RCC; OS, overall survival; PFS, progression-
free survival; KIRC, kidney renal clear cell carcinoma; LIRC, low
immune infiltration RCC; MIRC, moderate immune infiltration RCC;
HR, hazard ratio; CI, confidential interval; AUC, area under curve

subtypes with different prognosis, validating the clinical
significance of the model in real-world patients.

4.1 TSRPGs determined states of Tregs and
heterogeneity of RCC-TSC

The TSRPGs were classified into four states, with differ-
ential average expression in three subtypes of RCC-TSC.
Except RGS2, CXCL13, and KLF6, most of the TSRPGs
belonged to state 1 and state 2.

All the TSRPGs of state 1 were in the most beginning
of pseudotime trajectory. Moreover, they all served as risk
factors and had highest expression in HIRC. The majority of
TSRPGs in state 1 were reported to play a critical role in can-
cers including modulating the cell cycle, cell proliferation
and chromosome stability, regulating cell death programs
such as apoptosis and ubiquitination [59—67]. Among them,
high expression of the proliferation marker ki-67 (Mki67)
of HIRC in our IHC staining also significantly indicated its
strong proliferative ability. Proliferative Tregs have been
reported to exhibit highly activated phenotype, enabling
clonal expansion and accumulation in tumors, where they
exert strong suppressive effects [17, 18]. Further, abundant
proliferative Tregs were a positive indicator of tumor pro-
gression, and could partially explain the poor prognosis of
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HIRC [19-21]. Besides the proliferation-related functions,
HGMB2 was also upregulated in exhausted CD8+T cells
and was critical for their differentiation, which could be a
potential marker and target for T cell-based immunothera-
pies [68]. RRM2 facilitates immune escape, and higher
expression of RRM2 has also been associated with better
ICB therapeutic effects in RCC [69].

In state 2, the intermediate temporal state, immune-related
genes such as LAG3, CD7, and SOCS1 were more immune
related and also had highest expression in HIRC. Lympho-
cyte activation gene 3 (LAG3) could induce T cell exhaustion
through various mechanisms. LAG3 on the CD4+and CD8+T
cells could directly bind ligand receptors [70]. More importantly,
LAG3 is also expressed on Tregs, and has been shown to medi-
ate inhibitory cytokines released by Tregs, thereby accelerating
T cell dysfunction in TIME [71-73]. High expression of LAG3
is not only correlated with better ICB therapeutic effects and co-
expressed with immunosuppressive markers such as CTLA-4,
PD-1 and TIGIT [74-77], but also serves as a potential target
for RCC itself [73]. Relatlimab, an antibody that could reverse
LAG3-mediated inhibition, has been reported to have potent
anti-tumor effect for melanoma in combination with nivolumab
[78, 79]. Besides, for advanced melanoma patients who are not
responsive to PD-1/PD-L1 blockade, therapy that combined
anti-LAG-3 with anti-PD-1 has also showed significant benefits
for them [80]. In our IHC staining, the high expression of LAG3
in HIRC further indicated the significant immune exhausted
states in HIRC. Consequently, how to take advantage of LAG3
as a feasible target for immunotherapy in RCC patients remains
to be studied, which might benefit HIRC patients a lot. Cluster of
differentiation 7 (CD7), a transmembrane glycoprotein account-
able for co-stimulation of T cells, has higher expression levels
associated with aggressive biological functions, drug resistance
and poor prognosis [81, 82]. Moreover, CD7 is an attractive
therapeutic target for T cell malignancies (like T cell lymphoma
and T-cell acute lymphoblastic leukemia). It might also be a
potential target for the T cells of RCC, by using CAR-T cells
targeting the molecules negatively regulate immune functions.
Suppressor of cytokine signaling 1 (SOCS1), though acting as a
tumor suppressor across various malignancies, was found to be
a potent inhibitor of inflammation through controlling cytokines
associated with JAK-STAT1/3 pathways in a negative-feedback
approach [83-85]. SOCSI could thus attenuate the magnitude
of antitumor immunity in TIME of RCC, which also had thera-
peutic potentials.

To summarize, the biological functions of the TSRPGs,
and their differential expression levels, together with the
interplays between them, collectively shaped the unique
molecular characteristics of three subtypes of RCC-TSC.
HIRC, MIRC, LIRC was respectively characterized by
high, medium, low infiltration of proliferative and suppres-
sive Tregs and immune cells in exhausted states.
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4.2 Prognostic, therapeutic and mechanistic
implications of RCC-TSC

RCC-TSC, established by high-throughput bioinformatic
analysis and validated through a real-world cohort (Xinhua
cohort), has several significant clinical implications.

Firstly, RCC-TSC successfully stratified the RCC patients
into distinct prognostic groups. It validated that through RNA
sequencing or IHC staining, we could classify RCC patients
according to the expression level of TSRPGs, and employ
personalized therapeutic interventions. For the four key
markers (DNAJA1, DNAJB4, LAG3, Mki67) that we used
in our study, they have been discovered to be viable mark-
ers across several malignancies. DNAJA1 (known as HDJ-2),
would promote the progression of pancreatic and colorectal
cancer [86, 87], and has been reported to be a reliable marker
in acute lymphocytic leukemia and pancreatic cancer [88—
90]. Talking of DNAJB4 (known as HLJ1), it has also been
revealed to be a tumor suppressor gene in lung, colon, and
gastric cancers, a feasible biomarker, and a potential therapeu-
tic target for lung cancer [91-95]. Considering LAG3, higher
expression of LAG3 was linked to worse prognosis and more
suppressive TIME in various solid tumors [96]. Mki67 was
not only critical in evaluating the aggressiveness of cancers,
but also validated to play a critical role in classifying cancers
into different subtypes [97], including breast cancer [98]. In
our research, we used IHC staining and successfully distin-
guished patients with differential expression of the four key
genes. It validated that we could design a diagnostic kit in
future, to handily apply RCC-TSC to classify RCC patients
with different prognosis and to tailor personalized therapy. In
the future, its efficacy in classifying patients with kidney neo-
plasms, besides KIRC, remains to be further validated.

Secondly, HIRC, MIRC, LIRC were characterized by
different levels of immune infiltration and different states
of immune cells, which had great significance for guidance
of treatment. To be specific, HIRC had the highest immune
infiltration but with proliferative and suppressive Tregs.
Moreover, the immune exhausted scores were highest for
HIRC, with higher expression of CTLA4, PD-L1, and PD-1.
These results suggest that patients of HIRC would be more
likely to benefit from ICB therapies, since ICIs target mol-
ecules that negatively regulate immune function (CTLA4
and PDI1), and the ability of RCC TIME to be infiltrated
by suppressive T cells was also a critical contributor to
the immunotherapy clinical response [8]. Additionally, we
have predicted the possible inhibitors for each subtype, and
sunitinib benefited the HIRC most. Consequently, with the
unique properties of HIRC, ICB therapy could be prioritized
and its indication might even be expanded to patients who
are not in the advanced or metastatic stage. This hypothesis
warrants to be verified with future clinical studies.

Thirdly, the metastasis-related mechanisms of the three
subtypes were diverse, which could be the most significant
underlying mechanisms that promote their progression.
In HIRC, the BATF had high correlation with LAG3, and
downstream CD8+ T cells, pDCs, T-cell co-inhibition, and
Tth. It indicated that BATF and LAG3 might regulate the
immune components [99], while T cell and immune exhaus-
tion was possibly the most critical mechanism in progres-
sion and metastasis of HIRC. Considering MIRC, elevated
CENPA [100], NCAPG [101], MYBL2 [102] and LMNBI1
[103], PTTGI [59] have been reported to influence cell
cycle and apoptosis to promote the proliferation of cancer
cells, which was associated with progression and metas-
tasis. Moreover, cyclin Bl was the most correlated down-
stream molecule, suggesting dysregulated cell cycle might
be the most critical mechanism of MIRC. For LIRC, IRF4
showed the strongest correlation with upstream MEF2B, as
well as downstream CXCL13, B cells memory, and B cells.
Furthermore, IRF4 and MEF2B were reported to have close
association with B cell lymphoma [104-107], suggesting B
cell-related mechanisms might play crucial roles in LIRC.

Nonetheless, this study has certain limitations. Firstly, due
to the inherent biases in bioinformatics analyses, our investiga-
tion can’t completely simulate the intricacies of the TIME and
the developmental trajectories of RCC Tregs. Secondly, though
our model captures the broader role of TSRPGs in the tumor
microenvironment, we acknowledge that relying on overall
tissue expression rather than Treg-specific expression may
introduce a degree of bias. Moreover, the use of only DNAJA1
and DNAJB4 as markers for LIRC and LAG3 and MKi67 for
HIRC may introduce potential bias in the classification of sub-
types. Also, though we have completed a comprehensive study
encompassing bioinformatic analysis, retrospective clinical
and pathological study with a large cohort, the effectiveness
of RCC-TSC warrants further prospective and multi-center
clinical trials. Finally, it is imperative to conduct more cell and
animal mechanistic experiments to validate the regulatory net-
works and the potential inhibitors for each RCC subtype.

5 Conclusion

Through integrated bioinformatics analysis and a large-
sample retrospective study, we established RCC-TSC, which
classified RCC (especially KIRC) patients into HIRC (high
risk, LAG3+, Mki67+), MIRC (intermediate risk), and
LIRC (low risk, DNAJA1+, DNAJB4+). Moreover, HIRC
was validated as an independent prognostic factor for OS
(HR=16.68, 95% CI=1.88-148.1, p=0.011) and PFS
(HR=4.43, 95% CI=1.55-12.6, p=0.005), and the AUC of
our model demonstrated perfect performances in 1, 2, 3, 4, 5
years for both OS (0.962, 0.891, 0.886, 0.979, 0.96) and PFS
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(0.915, 0.887, 0.838, 0.834, 0.805). Besides, we identified
that HIRC was highly infiltrated by exhausted immune cells,
which possibly promoted its progression and metastasis, also
resulting its high sensitivity to ICB therapies. Hopefully, with
our diagnostic kit, RCC-TSC could effectively help clinicians
to stratify patients with different prognosis, and could provide
insights into guiding personalized treatment.
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