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Rationale: The recent research found that IGF regulator genes played a pivotal role in
multiple biological processes, which may be developed for cancer treatment. However,
the characteristics and implication of IGF regulators in cancers, especially in clear cell renal
cell carcinoma (ccRCC), remain elusive.

Methods: We systematically analyzed the expression, prognostic valuation, genome
variation, and functional implication at pan-cancer level from The Cancer Genome Atlas.
According to expression levels of IGF regulator genes, ccRCC could be divided into three
different subtypes via unsupervised cluster algorithm: IGF pattern cancer typel (IPCS1),
type2 (IPCS2), and type3 (IPCS3). The immune microenvironment, immunotherapy
response, metabolic pattern, and tumor progression signature among the three
subgroups were investigated. The clinical characteristics, genomic mutations, and
potential drug sensitivity were further analyzed. IGF pattern—related risk model was
constructed to predict RCC patients’ outcome. Finally, SHC1, a potential IGF axis
target, was comprehensively investigated in ccRCC.

Results: We found that IGF regulator genes were specifically upregulated in various
cancer tissues, which were correlated with copy number variations and dysregulated
pathways. IPCS1, IPCS2, and IPCS3 exhibited different clinical profiles and biological
characteristics in ccRCC. IPCS3 subtype indicated a higher clinical stage and a worse
survival. IPSC3 ccRCC displayed activated metabolic signatures to fuel the cancer
progression. IPCS3 subgroup holds a higher tumor mutation burden and lower immune
activities, which resulted in a low ICl therapy response and tumor immunity dysfunction
state. The genome copy numbers of IPCS2/3, including arm gain and arm loss, were
significantly higher than IPCS1. Besides, the drug sensitivity profiles were different among
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the three subgroups. The prognostic risk model based on subtype’s biomarker exerted a
promising performance both in training and validation cohorts. Finally, upregulated
expression of SHC1 partly induced poorer immunotherapy response and shorter

survival of ccRCC patients.

Conclusion: Targeting IGF regulators may be functioned as a treatment approach among
multi-cancers. IGF regulator—-related signature could reshape the tumor immune
microenvironment via activating multi-step immune programs. The inhibition of SHC1
may enhance the efficacy of immunotherapy, and SHC1 could be a suitable target for

ccRCC therapy.

Keywords: clear cell renal cell carcinoma, IGF, molecular subtypes, tumor immunity, multi-omics, SHC1

INTRODUCTION

Renal cell carcinoma (RCC) is one of the most common
malignant cancers of the urinary system. It is estimated that
there are more than 431,000 new cases of RCC in the whole
world, of which approximately 180,000 deaths are documented
(1). Clear cell RCC (ccRCC) is the most common type of RCC,
consisting of approximately 75% cases of RCC. Early-stage RCC
often indicates no obvious symptoms. Approximately 30% of
RCC patients have metastasized at the time of initial diagnosis,
and nearly one-third of patients would eventually suffer
recurrence and metastasis after resection of primary tumor
(2, 3). Since metastatic renal cancer is not sensitive to
radiotherapy and chemotherapy, there are limited drugs for
clinical treatment of RCC. The prognosis of metastatic RCC is
extremely poor with the 5-year survival rate of less than 5% (4).
The targeted therapy and immunotherapy brought some hope
for RCC patients; however, only some patients gain drug
responsiveness, and most of them would develop treatment
resistance. Derosa et al. reported that gut bacteria composition
may affect drug responsiveness of immunotherapy in RCC.
Homeostasis of the gut microbiota enhanced the efficacy of
immunotherapy (5). In clinical practice, TNM classification
and Fuhrman grade are the most widely used models for renal
cancer risk classification and prognosis prediction. Due to the
existence of tumor heterogeneity, patients with the same stage
and grade may have significantly different prognosis (6). The
models based on molecular subtypes may be able to better
predict the prognosis of RCC patients. Thus, it is compelling
to develop new molecular subtypes to predict prognosis and
guide treatment for ccRCC patients.

Insulin-like growth factor (IGF) axis regulator, as an important
metabolic factor, has been found to be closely related to cancer
onset and progression in a variety of human malignancies (7).
Dysregulation of IGF axis strongly induced invasive clinical
features of tumors. The activation of PI3K-AKT-MAPK
pathways plays an important role in mediating IGF function in
tumor, and it is often correlated to dysregulation of transcription
factors. Epithelial-Mesenchymal transition (EMT), another
oncogenic pathway, could be driven by IGF1-induced activation
of the transcription factors. IGF-IR signaling is part of network of
receptor tyrosine kinase (RTK)-initiated pathways. IGF-IR could

cross-talk with several crucial RTKs, including EGFR, FGFR,
PDGFR, HER-2, and androgen receptor. In addition, IGF axis
could enhance immunosuppression to promote cancer expansion.
For instance, IGF-IR activation was correlated with macrophage
polarization and pro-tumorigenic M2 phenotype (8).
Correspondingly, dual IGF1R/IR inhibitors have been developed
and indicated efficacy in several cancers (9). The combination of
immunotherapy and IGF-targeting drugs may improve the
efficacy of immunotherapy in solid cancers. However, the
function of IGF axis regulator in the tumorigenesis and
progression of ccRCC remains largely unknown.

In this study, we performed an IGF axis-related gene
signature study by pan-cancer analysis and stratified analysis of
ccRCC patients by integrating multi-omics data, including
molecular features, biological function, immune infiltration,
and drug sensitivity analysis. A reliable risk model, named
RCIP4, was also constructed to verify the crucial role of IGF
regulators in the prognosis prediction of ccRCC patients. In
addition, we identified a promising IGF regulator target SHCI,
which could function as a new therapy target for ccRCC.

MATERIALS AND METHOD

Data Collection and Processing

The workflow of this study was depicted in Figure S1. Pan-
cancer normalized expression profiling data, DNA methylation
data, tumor mutation burden (TMB), microsatellite instability
(MSI), copy number variation (CNV) and somatic mutation
data, and clinical characteristics were downloaded from UCSC
XENA dataset (http://xena.ucsc.edu/), including the ccRCC-
KIRC cohort (10). The Cancer Genome Atlas contains more
than 10,000 patient samples for 33 cancers, which facilitated the
pan-cancer study. The external ccRCC cohort, E-MTAB-3267,
which included expression profile and prognostic information,
was downloaded from ArayExpress database (https://www.ebi.
ac.uk/arrayexpress/), and different stage single-cell sequence data
of ccRCC patients was collected from GEO (ID PRJNA705464;
https://www.ncbi.nlm.nih.gov/geo/). This study also facilitated
with several public cancer databases, including UALCAN (http://
ualcan.path.uab.edu/index.html), TIMER (https://cistrome.
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shinyapps.io/timer/), Tumor Immune Dysfunction and
Exclusion (TIDE; http://tide.dfci.harvard.edu/), and
MEXPRESS (https://mexpress.be/). Ethical Review Committee
approval and informed consents were not required for datasets
downloaded from public datasets. Patients without prognostic
information or expression profiles were excluded from the study.

Identification of Distinct IGF Axis
Subgroups in ccRCC

We collected all IGF regulator genes according to prior
researches and reviews (Table S1). R package “corrplot” was
used to assess the correlation among these RNA modification
regulators via Spearman’s and Pearson’s rank correlation
algorithm. Consensus clustering was performed according to
the expression matrix of RNA modification regulators via R
package “ConsensusClusterPlus” (detailed parameters turn to
reps = 100, pltem = 0.8, clusterAlg = “km”, and distance =
“euclidean”). The subtype number k = 2 was determined as the
best classification number, and the two subgroups were named as
RMCS1 and RMCS2 subtypes, respectively.

Enrichment Analysis Between Subgroups

R package “DEseq2” was used to identify differentially expressed
genes (DEGs) between subgroups, and thresholds were set at
adjusted p < 0.01 and the abstract log fold change >2. After
calculating the DEGs, R package “ClusterProfiler” was used to
perform Gene Ontology (GO), Kyoto Encyclopedia of Genes and
Genomes (KEGG) pathways, gene set enrichment analysis
(GSEA), and gene set variation analysis (GSVA), aiming to
explain the biological function and molecular mechanism
between RMCS1 and RMCS2. All gmt files used for
enrichment analysis were downloaded from the MSigDB (11)
(https://www.gsea-msigdb.org/gsea/index.jsp) and
ConsensusPathDB (12) (http://cpdb.molgen.mpg.de/) databases.

Differences in Immune Infiltration
Signatures and Therapy Response

We utilized multiple immune cell infiltration algorithms
including TIMER, CIBERSORT, QUANTISEQ,
MCPCOUNTER, XCELL, and EPIC to calculate cellular
components or immune cell enrichment scores in ccRCC
tissues to compare tumor microenvironment (TME)
components between subgroups. In addition, single-sample
GSEA (ssGSVA) was introduced to further validate differences
of immune cell infiltration between RMCS1 and RMCS2
(13-16). R package “ESTIMATE” was used to evaluate the
stromal and immune scores based on ccRCC tissues’
expression profiling. The TIDE (http://tide.dfciharvard.edu/)
algorithm (17) was used to compare immunotherapy responses
between subgroups.

Mutation Spectrum Characteristics Among
Subpopulations

Somatic data were analyzed and visualized via R package
“maftools to compare mutational patterns among subgroups

(18). With the aid of correlation functions in R package
“maftools”, the tumor mutation panorama, base transitions
and transversions, single-nucleotide variants, mutation rates of
alleles, copy number mutations, mutually exclusive or coexisting
mutations, and gene mutation survival rates were calculated as
previously reported (19). Through the transformation analysis
function module, the drug and gene interactions and the
differences in oncogenic signaling pathways of different subsets
were also analyzed. Analysis of recurrent extensive and focal
somatic copy number alterations (SCNA) was performed by the
GISTIC 2.0 (20) (https://cloud.genepattern.org/gp/pages/
index.jsf) algorithm based on Euclidean distance of threshold
copy number (21).

Drug Susceptibility Prediction

Each patient was assessed for their susceptibility to molecular
drugs using the Genomics of Cancer Drug Sensitivity (GDSC;
https://www.cancerrxgene.org/) database. R package
“pRRophetic” was used to estimate the half-maximal inhibitory
concentration (ICsy) and cross-validated. In addition, the
CellMiner (22) (https://discover.nci.nih.gov/cellminer/
home.do) and CCLE (23) (https://sites.broadinstitute.org/ccle)
databases were also introduced to compare the different
sensitivities between ccRCC cell lines. Spearman’s correlation
coefficient was used to identify whether gene expression was
associated with drug sensitivity. A positive correlation means
that high expression of the gene indicates resistance to the drug,
and low expression of the gene indicates sensitivity to the drug.

Construction of Risk Prediction Model
Related to IGF Regulator Genes

Firstly, using subgroup-related biomarkers and overall
prognostic information from the TCGA-KIRC cohort,
univariate Cox regression analysis was performed to select
survival-related signatures. Then, the random survival forest
variable hunting (RSFVH) algorithm was further performed to
select crucial signatures. Finally, a risk scoring model was
constructed using the best combination of prognostic genes to
screen. The JAPAN-ccRCC cohort was used to validate our risk
scoring model, and patients in both datasets were divided into
high- and low-risk groups based on median risk scores.

Statistical Analysis

All data processing, statistical analysis, and plotting were
performed via R software (version 4.0.4). Differences between
subgroups were compared by Kruskal-Wallis test and Wilcoxon
test. Differences in clinical characteristics and inhibitor response
between subgroups were compared by the chi-square test.
Differences in prognosis, including overall survival (OS) and
progression-free survival (PFS), were compared by the Kaplan—
Meier method and Log-rank test. Hazard ratio (HR) differences
were calculated by univariate Cox regression and multiple Cox
regression analyses. Two-way p-values were taken and P < 0.05
was considered statistically significant. P-value was adjusted by
the Benjamini-Hochberg (BH) multiple testing method.
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RESULTS

Dysregulation and Mutation of IGF
Regulators in Cancers and Their
Correlations With Patient Outcomes

The study flow was shown in Supplementary Figure 1. To
comprehensively explore the regulation pattern of IGF axis in
multi cancers, we investigated the expression pattern of IGF
regulators in pan-cancer. We found that the vast majority of IGF
regulators were upregulated in various cancers, such as HRAS
and YWHAZ in lung squamous cell carcinoma (LUSC), SHCI in
kidney cancer, PRKCZ in bladder cancer (BLCA) and in breast
cancer (BRCA), and NCK2 in cholangiocarcinoma (CHOL)
(Figure 1A). Survival analysis showed that most of these IGF

regulators predicted poor prognosis of cancer patients
(Figure 1B), indicating that the disturbed expression of IGF
regulators played an important role in cancer development. Of
interest, all of investigated regulators were protective factors
for ccRCC.

To further understand the rationale of IGF regulators
perturbation, we verified the CNV and single-nucleotide
variation (SNV) of them in pan-cancer. As shown in
Figure 1C, the significant correlations were observed between
CNV and gene expression, especially RAF1 and GRB2
expressions were positively correlated with CNV. Heterozygous
amplifications frequently presented in YWHAZ, PTPN1, PTK2,
PIK3CA, and GRB10, whereas heterozygous deletions often
appeared in YWHAE, RAF1, PRKCZ, PRKCD, and CRK
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FIGURE 1 | Dysregulation and genome alteration of IGF regulator genes in cancers. (A) The gene expressions of IGF regulator genes between multi cancers tissues
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(Figure 1D). Conversely, homozygous amplification and
deletion rarely occurred (Supplementary Figure 2A). In
ccRCC, we found CNV gain for PIK3CA, SHCI, and PTK2,
whereas RAF1, PRKCD, and IRS1 were dominantly CNV loss
(Figure S2B). The location of CNV alteration of IGF regulators
on chromosomes was shown in Figure 1E. We also analyzed the
SNV frequency of IGF regulator genes. The mutation frequency
of IGF regulator genes was 84.62% (n = 2,079) in all tested
samples (Figure 1F). The higher mutated genes included
PIK3CA, PIK3R1, PRKD1, SOS1, and IGFIR. The SNV rate of
CDKN2A was even close to 50%. Cancers with higher SNVs
contained UCEC, BRCA, COAD, BLCA, and HNSC
(Supplementary Figure 2C). Therefore, both transcriptional
regulation and genome alteration together contributed to
dysregulation of IGF regulators in multi-cancers.

Identification of Three clusters by
Clustering Analysis of IGF Regulators

in ccRCC

As we suggested above, IGF regulators were protective factors for
ccRCC, which was significantly different from other cancers.
Thus, we further explored the characteristics of IGF regulator
genes in ccRCC. According to expression levels of IGF regulator
genes, TCGA-ccRCC samples were classified into different
molecular subtypes using an unsupervised clustering method.
We identified the optimal cluster number using the “Consensus
Cluster Plus” R package and evaluated the subtyping reliability
by a PAC algorithm. Consequently, TCGA ccRCC dataset was
significantly divided into three clusters, namely, IGF pattern
cancer typel (IPCS1), type2 (IPCS2), and type3 (IPCS3)
(Figures 2A-C). The patients’ clinical characteristics of three
subtypes were compared and shown in Supplementary Table 2.
Compared with IPCS1, IPCS2 and IPCS3 patients encompassed
higher T stage and shorter OS and PES (Figure 2D). In addition,
we analyzed the expression of IGF regulator genes among three
ccRCC subtypes and normal tissues. IPCS3 was regarded as
desert of IGF axis, which expressed the lowest IGF regulator
genes than other types (Figure 2F). Of interest, IRS1/2, SHCI,
PXN, and YWHAZ expressed high levels in IPCS2. Conversely,
HRAS and BAD showed a higher level expression in IPCS3. The
desert of IGF regulator genes in IPCS3 leads to the inhibition of
IGF axis, which trained IPCS3 to an aggressive clinical subgroup.

Functional Enrichment Analysis of

ccRCC Subtypes

Since the different clinical characteristics among each group, we
next identified the different genes expression profiles among
IPCS1, IPCS2, and IPCS3. The dysregulated genes were collected
to perform functional enrichment analysis. Go analysis indicated
that the upregulated genes were enriched in single fertilization
and neuroactive ligand—receptor interaction for IPCS2 and ATP
synthesis, oxidative phosphorylation, respiratory electron
transport chain, and mitochondrial electron transport NADH
to ubiquinone for IPCS3 (Supplementary Figure 3A).
Collectively, the downregulated genes were dominant in
positive regulation of urine volume, response to hepatocyte

growth factor, and steroid hormone-mediated signaling
pathway in IPCS1; cornification, keratinization, keratinocyte
differentiation, and secretory granule localization in IPCS2;
sperm egg recognition and negative regulation of execution
phase of apoptosis in IPCS3 (Supplementary Figure 3B).

We then performed GSEA pathway analysis for metabolism-
associated signatures. We observed partly repressive metabolic
status in IPCSI, since some metabolic signatures including
retinoic acid metabolism, taurine and hypotaurine metabolism,
arachidonic acid metabolism, aldosterone biosynthesis, and
valine leucine and isoleucine biosynthesis were significantly
suppressed in IPCS1. On the contrary, most of these signatures
were obviously activated in IPCS3, indicating its metabolic
activation state (Figure 3A). Consistently, GSVA analysis
showed that the hypoxia signature was activated in IPCS3
(Figure 3B). Hypoxic stress was an important feature of tumor
metabolism and prompted resistance to immunotherapy in
cancers (24, 25). Thus, targeted hypoxia pathway may re-
sensitize IPCS3 to immunotherapy. Besides, m6A signature
was significantly suppressed in IPCS3, revealing a potential
link between m6A and IGF signaling (Figure 3B).

To further illustrate the transcriptome differences, iRegulon
analysis was performed to analyzed transcriptional regulons for
IGF axis using renal cancer—associated transcription factors. The
difference of transcription factors rendered strong support to the
biological classification, because the regulon activity was
correlated with IGF-related subtypes (Figure 3C). We found
that ZEB2 and EPASI exhibited the lowest activity in IPCS3,
indicating the suppression of EMT and susceptibility of hypoxia
in this subgroup. Zhu et al. reported that ZEB2 was considered as
an immune-associated gene and associated with macrophage
infiltration in cancer (26). Therefore, metabolic environment and
transcriptional regulatory network together induced the
formation of IGF-related subtypes, which functioned in
regulating biological functions.

Comparison of Immune Infiltration
Landscape Among the Three Subtypes
Immunotherapy gradually becomes a dominant treatment way
for ccRCC in recent years. To depict the immune characteristics,
we analyzed immune infiltration environment across the
subgroups using GSVA analysis. We found the difference of
immune-related gene expression among three subgroups. IPCS3
subtype expressed a lower level of CXCL12, CCR1, CCR4,
TGFBRI1, CD274, IL6R, CD80, and IL2RA (Figure 4A). The
compositions of TME infiltrating cell types were examined, and
the results indicated that IPCS3 and IPCS2 displayed reduced
immune cell infiltration compared to IPCS1 (Figure 4B). Thus,
IPCS2/3 could be categorized as immune-desert subgroups,
marked by the status of immune suppression. As discussed
above, IPCS2/3 indicated matched poor prognosis comparing
to IPCS1. We then observe an anti-cancer immune response,
which was consist of a series of immune events. IPCS2/3
subgroups lacked plasmacytoid dendritic cells (DCs) and
CD274 (PD-L1), which impeded immune cells to identify
tumor cells (Figures 5A,B). IPCS3 subtype, lacking DNA
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damage repairing ability, was significantly correlated with CD8 T
effector and immune checkpoint, which indicated the potential
response to immunotherapy (Figure 5C). We observed lower
activities of many steps in IPCS2/3, including release of cancer
cell antigens (stepl), cancer antigen presentation (step2), and
CD8 T cell and Tyl cell recruiting (step4) (Figure 5D). Besides,
the estimate algorithm suggested that IPCS3 subtype obtained
the highest stromal score and the lowest immune score
(Figure 5E). Immune function score analysis indicated that
IPCS3 subtype gained higher MSI score, dysfunction score, and
TIDE score (Figure 5F), which again verified the
immunocompromised state of IPCS3. These results

demonstrated that distinct immune functions were correlated
with IGF axis signaling.

Comparison of Tumor Somatic Mutations
and CNVs Among the Three Subtypes

In addition to the influence of the immune infiltration on
therapy, genome mutations partly accounted for drug
effectiveness. IPCS3 subtype presented the highest mutation
frequencies than IPCS1 and IPCS2 (Figure 6A). The waterfall
charts depicted the top 20 mutant genes among the subtypes.
IPCS3 subtype contained several higher frequently mutated
genes, including BAP1, KDM5C, MUC16, CHD4, and DST.
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According to the mutation data, we used DGIdb database and
drug interactions in maftools package to identify potential targets
for each subgroup. Druggable genes in three different IGF axis
patterns were classified into 16, 17, and 17 categories,
respectively, including druggable genome, clinically actionable,
histone modification, and tumor suppressor. (Figure 6B). We
further investigated the somatic mutations in oncogenic
pathways, such as RTK-RAS, NOTCH, WNT, Hippo, and
PI3K using R package maftools. TP53 and Hippo were the
most affected pathways in IPCS1, whereas NRF2 and TP53
were easily affected in IPCS2. In IPCS3, PI3K and RTK-RAS
were the most altered oncogenic pathways (Figure 6C). The
somatic interaction analysis indicated that co-mutation of VHL
and RYR2 induced cell death in IPCS3, which provided a
potential approach for subgroup treatment (Supplementary
Figure 4A). Regarding mutations of IGF regulator genes,
compared to IPCS1 and IPCS3, IPCS2 subtype reserved the
highest mutation frequency, in which SOS1 was the gene with the
highest mutation rate (Supplementary Figure 4B).

CNVs were also compared among the three subgroups. IPCS2
displayed the highest CNV rate, followed by IPCS3 and IPCS1

(Figures 7A,B). The amplification and deletion regions on
chromosomes were identified and decoded using GISTIC 2.0
(Supplementary Table 3). The gain/loss percentage and GISTIC
score indicated similar patterns (Figures 7B, C). The recurrent
CNVs of IPCS3 included the amplification of 5q35.3 (CANX)
and 5q15 (LIX1) and also the deletion of 9p21.3 (CDKN2A) and
9p23 (PTPRD). The specific CNVs of IPCS2 were the
amplification of 1p31.3 (UBE2U) and 1q32.1 (ATP2B4) and
also the deletion of 9p23 (PTPRD) and 9p21.3 (CDKN2A).
Differences in genome mutations may lead to the formation of
the three subtypes.

Drug Sensitivity Analysis of Different

IGF Subtypes

To explore potential drugs, the drug response data were collected
from the GDSC database. We observed that most drugs were less
effective against IPCS3 subgroup, which was consistent with the
poor prognosis of IPCS3 (Figure 8A). IPCS3 was only predicted
to be sensitive to linsitinib and gefitinib. In contrast, IPCS1
subtype was more sensitive to pazopanib, imatinib, crizotinib,
temsirolimus, and sunitinib (Figure 8A and Supplementary
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Figure 4C), whereas IPCS2 subtype had better drug
responsiveness to saracatinib, erlotinib, dasatinib, and afatinib
(Figure 8A and Supplementary Figure 4C). We further
analyzed drug responsiveness of different subtypes to 138 small
molecular inhibitors (Supplementary Table 4). Figure 8B
showed the top 10 drugs with a better drug response. IPCS1
subtype indicated sensitivity to PAC.1, embelin, vinorelbine,
BAY.61.3606, and epothione B, whereas IPCS3 had a better
response to metformin, SL.0101.1, nutlin 3a, bortezomib, and
PD.0325901. Conceivably, metformin and SL.0101.1, the direct
inhibitors of IGF and RTK-RAS pathway, may be utilized to
develop effective targets for IPCS3 subtype.

Verification of Robustness of the

Classification Model Using External Dataset
To further confirm the reliability of the classification model, we
conducted verification using the GDSC renal cancer database
and JAPAN-KIRC cohort. The significant difference for ccRCC
cell line was found among the three subtypes (Figure 9A).
Consistent with TCGA cohort results, many IGF regulator
genes were significantly downregulated in IPCS3 subgroup. We
investigated the area under the curve (AUC) of drug sensitivity
among the subgroups, and IPCS3 subtype had the highest AUC
of all drugs. IPCS2 subtype was sensitive to palbociclib,
tipifarnib, and dacinostat, whereas IPCS1 presented more
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sensitivity to pilaralisib (Figure 9B). Applying the nearest
template prediction (NTP) algorithm, the subtype-specific
hallmarks identified from TCGA-ccRCC could divide JAPAN-
KIRC cohort into three distinct groups (Figure 9C). The IPCS3
group indicated poorer survival than the IPCS1 group, which
was consistent with previous data (Figure 9D). These results
verified the reliability and stabilization of the molecular
subtyping model.

Construction and Verification of a Four
IGF-Related Genes Risk Model

Since the three subtypes displayed different clinicopathological
signatures and molecular heterogeneity in biological function
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o35

FIGURE 5 | Landscapes of specific immune components and immune function scores. (A-D) The immune antigens, immune cells, immune pathways, and anti-
cancer steps among the three subtypes. (E) ESTIMATE scores of two subtypes. (F) The immune function scores among the three subtypes. ns>0.05, p < 0.05,

W IPCs2 IPCS3

3

h 4

and immune profile, we identified genes affected patients’ OS
using univariate Cox regression analysis and constructed an IGF-
related genes risk model based on subtype’s signatures
(Figure 10A). Subsequently, 10 most relevant genes were
identified using the random forest supervised classification
algorithm (Figure 10B). To construct the best risk assessment
model, we used the Kaplan-Meier (KM) analysis and measure p-
value of all risk models (Figure 10C). Consequently, the risk
assessment model composed of four genes (CUBN, BARX1, SCX,
and HP) was screened out and called RCIP4. The risk score of
each patient was calculated as follows: RCIP4 = -5.048360*
CUBN + 6.693172* BARX1 + 6.027303* SCX + 4.804082* HP.
To validate the effectiveness of RCIP4, both TCGA-ccRCC and
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FIGURE 6 | Profiles of somatic mutations and potential targets among the three subtypes. (A) Waterfall plot showing the mutation patterns of the top 20 most
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JAPAN-KIRC cohort patients were categorized as the high score  JAPAN-KIRC cohort (Supplementary Figure 5C). The above
and low score groups by a median cutoff score (Figure 10 D and  results demonstrated that the RCIP4 model was effective and
Supplementary Figure 5A). Survival analysis indicated that  applicable for prognostic evaluation of ccRCC.

patients with high score had poorer prognosis than with low

score in the two cohorts (Figures 10E,F and Supplementary The Core Role of SHC1 in ccRCC

Figure 5B). The AUC curve was used to evaluate the sensitivity =~ Given the regulation of IGF-related genes in ccRCC, we analyzed
and specificity of the RCIP4 risk model. The AUC score for ~ which gene shared the most proportion of importance. We
TCGA-ccRCC cohort was 0.677, 0.7207, 0.7197, 0.7274, and  observed that SHCI may play the core role in IGF axis signaling
0.7346 at 0.5, 1, 2, 3, and 5 years, respectively (Figure 10G). The  (Figure 11A). SHC1 mutation was correlated with immune
predictive value of the RCIP4 model was also determined in infiltration levels of B cell, CD4" T cell, CD8" T cell, macrophage,
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neutrophil, and DC (Figure 11B). We found that SHC1 was
associated with abundant signaling pathways in pan-cancer, such
as TNFA-NFKB, inflammatory response, IL6-JAK-STAT3,
hypoxia, EMT, apical junction, and angiogenesis (Supplementary
Figure 5D). As previously discussed, SHC1 protein expression was
also upregulated in renal cancer, and the magnitude of regulation
increased with the grades and stages in CPTAC-ccRCC samples
(Figure 11C). We also evaluated the phosphorylation level of SHC1
in cancer and normal tissues, which indicated an increased level of
phosphorylated SHC1 in ccRCC. Besides, the phosphorylation level
of SHCI increased with the progress of the tumor stage and grade in
CPTAC-ccRCC samples (Figure 11D). We also compared the
immunotherapy response in high or low SHCI expression
groups. The high SHCI1 expression group showed poorer
immunotherapy response and shorter survival than the low SHC1
group (Figure 11E). Therefore, it makes sense to prompt
immunotherapy response by inhibiting SHC1 expression.

DISCUSSION

ccRCC is characterized by tumor heterogeneity and
immunogenicity (27). It is compelling to predict patients’
survival and enhance immunotherapy response. There was
emerging evidence indicated that IGF axis signaling was
involved in tumor onset, progression, and drug resistance in
several cancers. However, an IGF axis study of ccRCC was not as
abundant as that of other cancers. Most of related studies focused
on signal regulatory molecule, and the global features induced by
IGF axis signaling have not been fully understood. Nonetheless,
IGF-based molecular subtyping in tumor pools has hardly
been explored.

In this study, we analyzed IGF regulator genes in more than
10,000 samples of 33 cancers by mining multi-omics data. We
observed that IGF regulator genes were significantly upregulated
in various cancer tissues compared with adjacent normal tissues,
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which were related to genome mutation and epigenetic
modification. Based on the expression of IGF regulator genes,
ccRCC patients could be grouped into three distinct IGF
regulation subtypes (IPCS1, IPCS2, and IPCS3). Most of those
IGF regulator genes indicated poor survival in cancers, except
ccRCC. IPCS3 subtype retains higher TMB, activated metabolic
signatures, and immune suppression status, along with poor
survival than other subtypes. Moreover, the prognostic risk
model constructed based on subgroups hallmarks obtained
promising results both in training and validation cohorts.
Finally, SHC1, as the hub gene of IGF axis, could be utilized as
a reliable target for ccRCC.

Immunotherapy, based on immune checkpoint inhibitor, has
become the first-line treatment choice for ccRCC. However, only
some patients respond well to immunotherapy, and drug
resistance is inevitable. A possible solution is combination
therapy, in which IGF regulator target may collaborate with
immunotherapy. The compelling evidence showed that IGF axis
signaling enhanced immunosuppressive response in TME. We
found that IPCS3 subtype expressed lower level of immune
components and immune cell infiltration, marked by the status
of immune suppression. Consistent with our finding, a recent
study suggested that IGF-I negatively regulated DC activation,
impeded antigen-presenting process, and stimulated the
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proliferation of immunosuppressive regulatory T cells (T,cg) (28,
29). Antigen presentation is a critical step for immune cells to
eliminate tumors. We observed lower activities of many pivotal
steps in IPCS2/3, such as antigen presentation and CD8 T-cell
recruiting. Huang et al. found that IGFs inhibited DC-mediated
anti-tumor immunity through regulating ERK1/2
phosphorylation and p38 dephosphorylation, and IGF
inhibitor NVP-AEW541 restored DC-mediated antigen
presentation process (30). Moreover, the inhibitor NT157 that
targeted both the IGF-IR and STAT3 suppressed the expression
of pro-tumorigenic cytokines, chemokines, and growth factors,
including IL-6, CCL2, and TGF (31). Wu et al. found that IGF1
receptor inhibitor amplified the effects of cancer drugs by
autophagy and immune-dependent mechanisms (32). IGF axis
as a contributor for pro-tumorigenic TME could potentiate
escape mechanisms from immune-mediated tumor cell
eradication. Our results demonstrated that IPCS3, as a drug
refractory subtype, was significantly correlated with CD8 T
effector and immune checkpoint, which indicated the potential

response to immunotherapy. Combined inhibition of IGF and
immune checkpoints may reshape ccRCC microenvironment
and promote drug effects via restoring immune homeostasis.

In addition to immune infiltration, IGF regulator was
involved in many signaling pathways dysregulation in cancers.
Our results found that IPCS1 was associated with normal renal
function, whereas IPCS3 subtype was correlated with ATP
synthesis, oxidative phosphorylation, respiratory electron
transport chain, and mitochondrial electron transport NADH
to ubiquinone. These activated energy supply pathways fuel
cancer cells to expansion. Most of metabolism-associated
signatures were obviously activated in IPCS3, indicating its
metabolic activation state. Oxidative phosphorylation happens
in mitochondria to generate ATP for cell energy. Oxidative
phosphorylation was flexible and different in distinct tumors,
such as leukemias and pancreatic ductal adenocarcinoma (33).
Obesity is a multifaceted disease associated with an increased risk
of cancer, including RCC. Obesity itself is a metabolic disease in
which the IGF signaling axis plays a key role. There is growing
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evidence that both obesity and diabetes are potential literature
factors for kidney cancer. A multi-institutional analysis of 2,597
patients with ccRCC showed that diabetes was an independent
prognostic factor in terms of recurrence-free and OS (34). Our
team also found that the thermogenic activity of adjacent
adipocytes fueled the progression of ccRCC and compromised
drug efficacy of tyrosine kinase inhibitors (35). IPCS3 was
activated for the hypoxia signature, which shaped
aggressiveness and metastatic potential and treatment
resistance of solid cancers. HIF-1o. cross-talk with HIF-2a
maintains a balanced state of tumor cells’ demand for hypoxic
factors (36). Hu et al. reported that hypoxia-induced IncHILAR
promoted cancer cells metastasis via ceRNA for the miR-613/
206/1-1-3p/Jagged-1/Notch/CXCR4 signaling pathway in RCC
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FIGURE 10 | Establishment of a four IGF genes risk model. (A) Volcano plot indicating the significantly altered biomarkers among the three subtypes by univariable
Cox regression analysis. (B) Random survival forest analysis screening 10 genes. (C) Based on various combination analyses, the top 20 signatures are listed
according to p-values. (D) Risk score analysis in TCGA-ccRCC cohort. (E-F) Survival analysis for OS (E) and PFS (F) of the two risk groups in TCGA-ccRCC cohort.
(G) The time-dependent ROC curves for the two risk groups in TCGA-ccRCC cohort.
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(37). Scharping et al. found that metformin, a widely used
diabetes drug, inhibited oxygen consumption in tumor cells,
resulting in decreased intratumoral hypoxia (24). The
combination of metformin with PD-1 blockade leads to
improved intratumoral T-cell function and tumor clearance.
ccRCC is one of the tumors with a high tumor mutational
burden. The biological function of IGF regulator genes was
correlated with genome mutations. IPCS3 subtype presented
the highest mutation frequencies than IPCS1 and IPCS2.
IPCS3 subtype reserved several higher frequently mutated
genes, including BAP1, KDM5C, and CHD4. BAP1 was a
critical tumor suppressor gene in ccRCC, prompting tumor
development when mutated in the somatically (38). Loss of
BAP1 promoted mesenchymal-epithelial transition process in
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FIGURE 11 | The hub role of SHC1 in ccRCC. (A) Number of trees showing the importance proportion of IGF regulator genes. (B) The association between SHC1
mutation and immune cell infiltration in ccRCC. (C) Protein levels of SHC1 in ccRCC samples, classified by tumor grade, and histological pathological stage using the
UALCAN database. (D) Phosphorylation level of SHC1 in ccRCC samples, classified by tumor grade, and histological pathological stage. (E) The relationship
between SHC1 expression and immunotherapy response.

renal cancer (39). The mutation of KDM5C enhanced ccRCC
tumorigenicity by reshaping glycogen metabolism and inhibiting
ferroptosis (40). Wang et al. reported that CHD4 promoted
breast cancer progression through interaction with HIF (41).
PI3K and RTK-RAS were the most altered oncogenic pathways
in IPCS3. Both of these pathways were classical oncogene
mutation pathways and played an important role in renal
cancer progression. For CNVs, IPCS2 displayed the highest
CNV rate, followed by IPCS3 and IPCSI. Fernandes et al.
reported that most significant copy number alterations of

ccRCC were loss of 3p (87.3%), 14q (35.8%), and 6q (29.3%)
and also gains of 5q (59.7%), 7p (29.3%), and 16q (20.6%). Genes
mapping to CNA significant regions included SETD2, BAP1,
FLT4, PTEN, FGFR4, and NSD1 (42), which was consistent with
our findings. Therefore, IGF regulators were involved in tumor
heterogeneity through cross-talk with genome mutations.

As previously reported, IGF regulators affected the efficacy of
anti-tumor drugs. ccRCC patients in different subtypes displayed
distinct sensitivities to drugs, which could provide certain clinical
guidance for treatment. We identified several potential molecular
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inhibitors for drug refractory IPCS3 subtype. Metformin and
SL.0101.1, the direct inhibitors of IGF and RTK-RAS pathway,
achieved good efficacy for the treatment of IPCS3. Notably, we
constructed a risk model (RCIP4) to predict RCC patients’
survival. The four most relevant genes were included, i.e.,
CUBN, BARX1, SCX, and HP. Niinivirta et al. found that the
combined expression of PKLR and CUBN could more accurately
predict drug the responsiveness of sunitinib and sorafenib (43).
Sun et al. indicated that transcription factor BARX1 contributed
to the progression of ccRCC via promoting proliferation and
epithelial-mesenchymal transition (44). A recent report found
that SCX regulated Twistl and Snail expression in the epithelial-
to-mesenchymal transition (45). HP was regarding as a
molecular biomarker in non-small cell lung cancer and
glioblastoma (46, 47). We also verified the high accuracy of the
RCIP4 risk model both in the TCGA-ccRCC and JAPAN-KIRC
database. Of interest, we found that SHC1 may play the core role
in IGF axis signaling. SHC1 was related to that activation of
multiple oncogenic pathways. Recent reports indicated that
SHCI1 was a key driver of breast cancer initiation, and the
SHCI1 adaptor simultaneously balanced Statl and Stat3 activity
to promote breast cancer immune suppression (48, 49). Lai et al.
also found that DEPDC1B was a tumor promotor in
development of bladder cancer through targeting SHCI (50).
The phosphorylation level of SHC1 increased with the progress
of the tumor stage and grade in ccRCC samples. The higher
SHC1 expression predicted poorer immunotherapy
responsiveness, which suggested the rationale for enhancing
the efficacy of immunotherapy by inhibiting SHCI1.

Although our study characterized distinct IGF regulator
signatures of ccRCC, some certain limitations are needed to be
considered. Most of our findings were based on comprehensive
bioinformatics analyses, and further experiment validations,
such as the specific mechanism of IGF regulator function, were
still necessary. Besides, the prognostic model may be affected by
some confounding factors, such as race and area; thus, more
independent datasets are needed to validate our risk model.

In summary, to our knowledge, this is the first study to
comprehensively explore the function of IGF regulator genes in
multi-cancers and to determine three molecular subtypes of
ccRCC. Under certain conditions, inhibition of IGF regulators
may become a suitable approach for cancer treatment. Such a
signature could reshape the tumor immune microenvironment
via impeding immune escape of cancer cells. Targeting SHC1
may have a synergistic effect with immunotherapy to eradicate
tumor cells. Our study contributes to a better understanding of
the relationship between IGFs and c¢cRCC, which can provide
clinical guidance for ccRCC treatment.
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Supplementary Table 3 | Recurrently amplification and deletion regions in the
three subtypes calculated by GISTIC2.0.

REFERENCES

1.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

Sung H, Ferlay ], Siegel RL, Laversanne M, Soerjomataram I, Jemal A, et al.
Global Cancer Statistics 2020: Globocan Estimates of Incidence and Mortality
Worldwide for 36 Cancers in 185 Countries. CA: Cancer J Clin (2021) 71
(3):209-49. doi: 10.3322/caac.21660

. Ljungberg B, Albiges L, Abu-Ghanem Y, Bedke J, Capitanio U, Dabestani S,

et al. European Association of Urology Guidelines on Renal Cell Carcinoma:
The 2022 Update. Eur Urol (2022) 25:50302-2838(22)01676-1. doi: 10.1016/
j.eururo.2022.03.006

. Ljungberg B, Campbell SC, Cho HY, Jacqmin D, Lee JE, Weikert S, et al. The

Epidemiology of Renal Cell Carcinoma. Eur Urol (2011) 60(4):615-21. doi:
10.1016/j.eururo.2011.06.049

. Suna M, Abdollah F, Lughezzani G, Schmitges J, Tian Z, Shariat SF, et al. Age-

Adjusted Incidence, Mortality, and Survival Rates of Stage-Specific Renal Cell
Carcinoma in North America: A Trend Analysis. Eur Urol (2011) 59(1):135-
41. doi: 10.1016/j.eururo.2010.10.029

. Derosa L, Routy B, Fidelle M, Iebba V, Alla L, Pasolli E, et al. Gut Bacteria

Composition Drives Primary Resistance to Cancer Immunotherapy in Renal
Cell Carcinoma Patients. Eur Urol (2020) 78(2):195-206. doi: 10.1016/
j.eururo.2020.04.044

. Gulati S, Martinez P, Joshi T, Birkbak NJ, Santos CR, Rowan AJ, et al.

Systematic Evaluation of the Prognostic Impact and Intratumour
Heterogeneity of Clear Cell Renal Cell Carcinoma Biomarkers. Eur Urol
(2014) 66(5):936-48. doi: 10.1016/j.eururo.2014.06.053

. Osher E, Macaulay VM. Therapeutic Targeting of the Igf Axis. Cells (2019) 8

(8):895. doi: 10.3390/cells8080895

. Barrett JP, Minogue AM, Falvey A, Lynch MA. Involvement of Igf-1 and Akt

in M1/M2 Activation State in Bone Marrow-Derived Macrophages. Exp Cell
Res (2015) 335(2):258-68. doi: 10.1016/j.yexcr.2015.05.015

. Mancarella C, Pasello M, Manara MC, Toracchio L, Sciandra EF, Picci P, et al.

Insulin-Like Growth Factor 2 Mrna-Binding Protein 3 Influences Sensitivity
to Anti-Igf System Agents Through the Translational Regulation of Igflr.
Front Endocrinol (2018) 9:178. doi: 10.3389/fendo.2018.00178

Tomczak K, Czerwinska P, Wiznerowicz M. The Cancer Genome Atlas
(Tcga): An Immeasurable Source of Knowledge. Contemp Oncol (2015) 19
(1A):A68. doi: 10.5114/w0.2014.47136

Liberzon A, Subramanian A, Pinchback R, Thorvaldsdottir H, Tamayo P,
Mesirov J. Molecular Signatures Database (Msigdb) 3.0. Bioinf (Oxford
England) (2011) 27:1739-40. doi: 10.1093/bioinformatics/btr260

Kamburov A, Wierling C, Lehrach H, Herwig R. Consensuspathdb—a
Database for Integrating Human Functional Interaction Networks. Nucleic
Acids Res (2009) 37(suppl_1):D623-D8. doi: 10.1093/nar/gkn698

Li T, Fan J, Wang B, Traugh N, Chen Q, Liu JS, et al. Timer: A Web Server for
Comprehensive Analysis of Tumor-Infiltrating Immune Cells. Cancer Res
(2017) 77(21):e108-e10. doi: 10.1158/0008-5472.CAN-17-0307

Chen B, Khodadoust MS, Liu CL, Newman AM, Alizadeh AA. Profiling
Tumor Infiltrating Immune Cells With Cibersort. Cancer Syst Biol (2018) 17
(11):243-59. doi: 10.1007/978-1-4939-7493-1_12

Aran D, Hu Z, Butte AJ. Xcell: Digitally Portraying the Tissue Cellular
Heterogeneity Landscape. Genome Biol (2017) 18(1):1-14. doi: 10.1186/
s13059-017-1349-1

Racle J, Gfeller D. Epic: A Tool to Estimate the Proportions of Different Cell
Types From Bulk Gene Expression Data. Bioinf Cancer Immunother (2020) .
Pp:233-48. doi: 10.1007/978-1-0716-0327-7_17

Jiang P, Gu S, Pan D, Fu J, Sahu A, Hu X, et al. Signatures of T Cell
Dysfunction and Exclusion Predict Cancer Immunotherapy Response. Nat
Med (2018) 24(10):1550-8. doi: 10.1038/s41591-018-0136-1

Mayakonda A, Lin D-C, Assenov Y, Plass C, Koeftler HP. Maftools: Efficient
and Comprehensive Analysis of Somatic Variants in Cancer. Genome Res
(2018) 28(11):1747-56. doi: 10.1101/gr.239244.118

Jiang A, Meng ], Bao Y, Wang A, Gong W, Gan X, et al. Establishment of a
Prognosis Prediction Model Based on Pyroptosis-Related Signatures
Associated With the Immune Microenvironment and Molecular

Supplementary Table 4 | List of discovered small-molecule drugs that could be
used as potential drugs for the treatment of ccRCC.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

Heterogeneity in Clear Cell Renal Cell Carcinoma. Front Oncol (2021) 11.
doi: 10.3389/fonc.2021.755212

Mermel CH, Schumacher SE, Hill B, Meyerson ML, Beroukhim R, Getz G.
Gistic2. 0 Facilitates Sensitive and Confident Localization of the Targets of
Focal Somatic Copy-Number Alteration in Human Cancers. Genome Biol
(2011) 12(4):1-14. doi: 10.1186/gb-2011-12-4-r41

Bass AJ, Thorsson V, Shmulevich I, Reynolds SM, Miller M, Bernard B, et al.
Comprehensive Molecular Characterization of Gastric Adenocarcinoma.
Nature (2014) 513(7517):202. doi: 10.1038/nature13480

Reinhold WC, Sunshine M, Liu H, Varma S, Kohn KW, Morris J, et al.
Cellminer: A Web-Based Suite of Genomic and Pharmacologic Tools to
Explore Transcript and Drug Patterns in the Nci-60 Cell Line Set. Cancer Res
(2012) 72(14):3499-511. doi: 10.1158/0008-5472.CAN-12-1370

Barretina J, Caponigro G, Stransky N, Venkatesan K, Margolin AA, Kim S,
et al. The Cancer Cell Line Encyclopedia Enables Predictive Modelling of
Anticancer Drug Sensitivity. Nature (2012) 483(7391):603-7. doi: 10.1038/
naturel1003

Scharping NE, Menk AV, Whetstone RD, Zeng X, Delgoffe GM. Efficacy of
Pd-1 Blockade Is Potentiated by Metformin-Induced Reduction of Tumor
Hypoxia. Cancer Immunol Res (2017) 5(1):9-16. doi: 10.1158/2326-6066.CIR-
16-0103

Abou Khouzam R, Goutham HV, Zaarour RF, Chamseddine AN, Francis A,
Buart S, et al. Integrating Tumor Hypoxic Stress in Novel and More Adaptable
Strategies for Cancer Immunotherapy. Semin Cancer Biol (2020) 10(65):140—
54. doi: 10.1016/j.semcancer.2020.01.003

Zhu Y, Lin X, Zang Y, Yang Q. Identification of Zeb2 as an Immune-
Associated Gene in Endometrial Carcinoma and Associated With
Macrophage Infiltration by Bioinformatic Analysis. J Healthcare Eng (2021)
2021 12(21):4372373-85. doi: 10.1155/2021/4372373

Hu ], Chen Z, Bao L, Zhou L, Hou Y, Liu L, et al. Single-Cell Transcriptome
Analysis Reveals Intratumoral Heterogeneity in Ccrcc, Which Results in
Different Clinical Outcomes. Mol Ther (2020) 28(7):1658-72. doi: 10.1016/
j.ymthe.2020.04.023

Xuan NT, Hoang NH, Nhung VP, Duong NT, Ha NH, Hai NV. Regulation of
Dendritic Cell Function by Insulin/Igf-1/Pi3k/Akt Signaling Through Klotho
Expression. ] Receptors Signal Transduct (2017) 37(3):297-303. doi: 10.1080/
10799893.2016.1247862

Chellappa S, Hugenschmidt H, Hagness M, Line PD, Labori KJ, Wiedswang G,
et al. Regulatory T Cells That Co-Express Roryt and Foxp3 Are Pro-Inflammatory
and Immunosuppressive and Expand in Human Pancreatic Cancer.
Oncoimmunology (2016) 5(4):e1102828. doi: 10.1080/2162402X.2015.1102828
Huang C-T, Chang M-C, Chen Y-L, Chen T-C, Chen C-A, Cheng W-F.
Insulin-Like Growth Factors Inhibit Dendritic Cell-Mediated Anti-Tumor
Immunity Through Regulating Erk1/2 Phosphorylation and P38
Dephosphorylation. Cancer Lett (2015) 359(1):117-26. doi: 10.1016/
j.canlet.2015.01.007

Sanchez-Lopez E, Flashner-Abramson E, Shalapour S, Zhong Z, Taniguchi K,
Levitzki A, et al. Targeting Colorectal Cancer Via Its Microenvironment by
Inhibiting Igf-1 Receptor-Insulin Receptor Substrate and Stat3 Signaling.
Oncogene (2016) 35(20):2634-44. doi: 10.1038/0nc.2015.326

Wu Q, Tian A-L, Li B, Leduc M, Forveille S, Hamley P, et al. Igfl Receptor
Inhibition Amplifies the Effects of Cancer Drugs by Autophagy and Immune-
Dependent Mechanisms. ] Immunother Cancer (2021) 9(6):002722. doi:
10.1136/jitc-2021-002722

Ashton TM, McKenna WG, Kunz-Schughart LA, Higgins GS. Oxidative
Phosphorylation as an Emerging Target in Cancer Therapy. Clin Cancer
Res (2018) 24(11):2482-90. doi: 10.1158/1078-0432.ccr-17-3070

Ha Y-S, Kim WT, Yun S-J, Lee S-C, Kim W-J, Park YH, et al. Multi-
Institutional Analysis of Localized Renal Cell Carcinoma That
Demonstrates the Impact of Diabetic Status on Prognosis After
Nephrectomy. Ann Surg Oncol (2013) 20(11):3662-8. doi: 10.1245/s10434-
013-3147-7

Wei G, Sun H, Dong K, Hu L, Wang Q, Zhuang Q, et al. The Thermogenic
Activity of Adjacent Adipocytes Fuels the Progression of Ccrcc and

Frontiers in Immunology | www.frontiersin.org

July 2022 | Volume 13 | Article 935595


https://doi.org/10.3322/caac.21660
https://doi.org/10.1016/j.eururo.2022.03.006
https://doi.org/10.1016/j.eururo.2022.03.006
https://doi.org/10.1016/j.eururo.2011.06.049
https://doi.org/10.1016/j.eururo.2010.10.029
https://doi.org/10.1016/j.eururo.2020.04.044
https://doi.org/10.1016/j.eururo.2020.04.044
https://doi.org/10.1016/j.eururo.2014.06.053
https://doi.org/10.3390/cells8080895
https://doi.org/10.1016/j.yexcr.2015.05.015
https://doi.org/10.3389/fendo.2018.00178
https://doi.org/10.5114/wo.2014.47136
https://doi.org/10.1093/bioinformatics/btr260
https://doi.org/10.1093/nar/gkn698
https://doi.org/10.1158/0008-5472.CAN-17-0307
https://doi.org/10.1007/978-1-4939-7493-1_12
https://doi.org/10.1186/s13059-017-1349-1
https://doi.org/10.1186/s13059-017-1349-1
https://doi.org/10.1007/978-1-0716-0327-7_17
https://doi.org/10.1038/s41591-018-0136-1
https://doi.org/10.1101/gr.239244.118
https://doi.org/10.3389/fonc.2021.755212
https://doi.org/10.1186/gb-2011-12-4-r41
https://doi.org/10.1038/nature13480
https://doi.org/10.1158/0008-5472.CAN-12-1370
https://doi.org/10.1038/nature11003
https://doi.org/10.1038/nature11003
https://doi.org/10.1158/2326-6066.CIR-16-0103
https://doi.org/10.1158/2326-6066.CIR-16-0103
https://doi.org/10.1016/j.semcancer.2020.01.003
https://doi.org/10.1155/2021/4372373
https://doi.org/10.1016/j.ymthe.2020.04.023
https://doi.org/10.1016/j.ymthe.2020.04.023
https://doi.org/10.1080/10799893.2016.1247862
https://doi.org/10.1080/10799893.2016.1247862
https://doi.org/10.1080/2162402X.2015.1102828
https://doi.org/10.1016/j.canlet.2015.01.007
https://doi.org/10.1016/j.canlet.2015.01.007
https://doi.org/10.1038/onc.2015.326
https://doi.org/10.1136/jitc-2021-002722
https://doi.org/10.1158/1078-0432.ccr-17-3070
https://doi.org/10.1245/s10434-013-3147-7
https://doi.org/10.1245/s10434-013-3147-7
https://www.frontiersin.org/journals/immunology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/immunology#articles

Jiang et al.

IGF Axis in ccRCC

36.

37.

38.

39.

40.

41.

42,

43.

44.

45.

Compromises Anti-Tumor Therapeutic Efficacy. Cell Metab (2021) 33
(10):2021-39.e8. doi: 10.1016/j.cmet.2021.08.012

Schodel J, Grampp S, Maher ER, Moch H, Ratcliffe PJ, Russo P, et al. Hypoxia,
Hypoxia-Inducible Transcription Factors, and Renal Cancer. Eur Urol (2016)
69(4):646-57. doi: 10.1016/j.eururo.2015.08.007

Hu G, Ma ], Zhang J, Chen Y, Liu H, Huang Y, et al. Hypoxia-Induced
Lnchilar Promotes Renal Cancer Metastasis Via Cerna for the Mir-613/206/1-
1-3p/Jagged-1/Notch/Cxcr4 Signaling Pathway. Mol Ther (2021) 29
(10):2979-94. doi: 10.1016/j.ymthe.2021.05.020

Carbone M, Harbour JW, Brugarolas J, Bononi A, Pagano I, Dey A, et al. Biological
Mechanisms and Clinical Significance of Bapl Mutations in Human Cancer.
Cancer Discovery (2020) 10(8):1103-20. doi: 10.1158/2159-8290.CD-19-1220
Chen P, Wang H, Zhang W, Chen Y, Lv'Y, Wu D, et al. Loss of Bap1 Results in
Growth Inhibition and Enhances Mesenchymal-Epithelial Transition in
Kidney Tumor Cells. Mol Cell Proteomics (2019) 18(7):1320-9. doi:
10.1074/mcp.RA119.001457

Zheng Q, Li P, Zhou X, Qiang Y, Fan ], Lin Y, et al. Deficiency of the X-
Inactivation Escaping Gene Kdmb5c in Clear Cell Renal Cell Carcinoma
Promotes Tumorigenicity by Reprogramming Glycogen Metabolism and
Inhibiting Ferroptosis. Theranostics (2021) 11(18):8674. doi: 10.7150/
thno.60233

Wang Y, Chen Y, Bao L, Zhang B, Wang JE, Kumar A, et al. Chd4 Promotes
Breast Cancer Progression as a Coactivator of Hypoxia-Inducible Factors.
Cancer Res (2020) 80(18):3880-91. doi: 10.1158/0008-5472.CAN-20-1049
Fernandes FG, Silveira HCS, Janior JNA, da Silveira RA, Zucca LE, Carcano
FM, et al. Somatic Copy Number Alterations and Associated Genes in Clear-
Cell Renal-Cell Carcinoma in Brazilian Patients. Int J Mol Sci (2021) 22
(5):2265. doi: 10.3390/ijms22052265

Niinivirta M, Enblad G, Lindskog C, Pontén F, Dragomir A, Ullenhag GJ.
Tumoral Pyruvate Kinase L/R as a Predictive Marker for the Treatment of
Renal Cancer Patients With Sunitinib and Sorafenib. J Cancer (2019) 10
(14):3224. doi: 10.7150/jca.30130

Sun G, Ge Y, Zhang Y, Yan L, Wu X, Ouyang W, et al. Transcription Factors
Barx1 and DIx4 Contribute to Progression of Clear Cell Renal Cell Carcinoma
Via Promoting Proliferation and Epithelial-Mesenchymal Transition. Front
Mol Biosci (2021) 8:453. doi: 10.3389/fmolb.2021.626328

Al-Hattab DS, Safi HA, Nagalingam RS, Bagchi RA, Stecy MT, Czubryt MP.
Scleraxis Regulates Twistl and Snail Expression in the Epithelial-To-

Mesenchymal Transition. Am ] Physiology-Heart Circulatory Physiol (2018)
315(3):H658-H68. doi: 10.1152/ajpheart.00092.2018

Najafi Z, Mohamadnia A, Ahmadi R, Mahmoudi M, Bahrami N, Khosravi A,
et al. Proteomic and Genomic Biomarkers for Non-Small Cell Lung Cancer:
Peroxiredoxin, Haptoglobin, and Alpha-1 Antitrypsin. Cancer Med (2020) 9
(11):3974-82. doi: 10.1002/cam4.3019

Naryzhny S, Ronzhina N, Zorina E, Kabachenko F, Zavialova M, Zgoda V,
et al. Evaluation of Haptoglobin and Its Proteoforms as Glioblastoma
Markers. Int ] Mol Sci (2021) 22(12):6533. doi: 10.3390/ijms22126533
Wright KD, Miller BS, El-Meanawy S, Tsaih S-W, Banerjee A, Geurts AM,
et al. The P52 Isoform of Shcl Is a Key Driver of Breast Cancer Initiation.
Breast Cancer Res (2019) 21(1):1-12. doi: 10.1186/s13058-019-1155-7

Ahn R, Sabourin V, Bolt AM, Hebert S, Totten S, De Jay N, et al. The Shcl
Adaptor Simultaneously Balances Statl and Stat3 Activity to Promote Breast
Cancer Immune Suppression. Nat Commun (2017) 8(1):1-14. doi: 10.1038/
ncomms14638

Lai C-H, Xu K, Zhou J, Wang M, Zhang W, Liu X, et al. Depdclb Is a Tumor
Promotor in Development of Bladder Cancer Through Targeting Shcl. Cell
Death Dis (2020) 11(11):1-12. doi: 10.1038/s41419-020-03190-6

46.

47.

48.

49.

50.

Conflict of Interest: The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated organizations, or those of
the publisher, the editors and the reviewers. Any product that may be evaluated in
this article, or claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Copyright © 2022 Jiang, Wu, Wang, Wang, Dong, Liu, Qu, Luo, Wang, Tong and
Wang. This is an open-access article distributed under the terms of the Creative
Commons Attribution License (CC BY). The use, distribution or reproduction in other
forums is permitted, provided the original author(s) and the copyright owner(s) are
credited and that the original publication in this journal is cited, in accordance with
accepted academic practice. No use, distribution or reproduction is permitted which
does not comply with these terms.

Frontiers in Immunology | www.frontiersin.org

July 2022 | Volume 13 | Article 935595


https://doi.org/10.1016/j.cmet.2021.08.012
https://doi.org/10.1016/j.eururo.2015.08.007
https://doi.org/10.1016/j.ymthe.2021.05.020
https://doi.org/10.1158/2159-8290.CD-19-1220
https://doi.org/10.1074/mcp.RA119.001457
https://doi.org/10.7150/thno.60233
https://doi.org/10.7150/thno.60233
https://doi.org/10.1158/0008-5472.CAN-20-1049
https://doi.org/10.3390/ijms22052265
https://doi.org/10.7150/jca.30130
https://doi.org/10.3389/fmolb.2021.626328
https://doi.org/10.1152/ajpheart.00092.2018
https://doi.org/10.1002/cam4.3019
https://doi.org/10.3390/ijms22126533
https://doi.org/10.1186/s13058-019-1155-7
https://doi.org/10.1038/ncomms14638
https://doi.org/10.1038/ncomms14638
https://doi.org/10.1038/s41419-020-03190-6
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/immunology
http://www.frontiersin.org/
https://www.frontiersin.org/journals/immunology#articles

	A New Thinking: Deciphering the Aberrance and Clinical Implication of IGF Axis Regulation Pattern in Clear Cell Renal Cell Carcinoma
	Introduction
	Materials and method
	Data Collection and Processing
	Identification of Distinct IGF Axis Subgroups in ccRCC
	Enrichment Analysis Between Subgroups
	Differences in Immune Infiltration Signatures and Therapy Response
	Mutation Spectrum Characteristics Among Subpopulations
	Drug Susceptibility Prediction
	Construction of Risk Prediction Model Related to IGF Regulator Genes
	Statistical Analysis

	Results
	Dysregulation and Mutation of IGF Regulators in Cancers and Their Correlations With Patient Outcomes
	Identification of Three clusters by Clustering Analysis of IGF Regulators in ccRCC
	Functional Enrichment Analysis of ccRCC Subtypes
	Comparison of Immune Infiltration Landscape Among the Three Subtypes
	Comparison of Tumor Somatic Mutations and CNVs Among the Three Subtypes
	Drug Sensitivity Analysis of Different IGF Subtypes
	Verification of Robustness of the Classification Model Using External Dataset
	Construction and Verification of a Four IGF-Related Genes Risk Model
	The Core Role of SHC1 in ccRCC

	Discussion
	Data Availability Statement
	Author Contributions
	Funding
	Acknowledgments
	Supplementary Material
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages false
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 1
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /ENU (T&F settings for black and white printer PDFs 20081208)
  >>
  /ExportLayers /ExportVisibleLayers
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName ([High Resolution])
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks true
      /IncludeHyperlinks true
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 6
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


