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Abstract

Purpose To develop an immunotype-based prognostic model for predicting the overall survival (OS) of

patients with clear cell renal carcinoma (ccRCC). We explored novel immunotypes of patients with ccRCC,

particularly those associated with overall survival. A risk-metastasis model was constructed by integrating the

immunotypes with immune genes and used to test the accuracy of the immunotype model.

Patients and Methods Patient cohort data were obtained from The Cancer Genome Atlas (TCGA) database,

Gene Expression Omnibus (GEO) database, Renji database, and Surveillance, Epidemiology, and End

Results (SEER) database. We employed the R software to select 3 immune cells and construct an

immunotype-based prediction model. Immune genes selected using random Forest Algorithm were validated

by immunohistochemistry (IHC). The H&L risk-metastasis model was constructed to assess the accuracy of

the immunotype model through Multivariate COX regression analysis.

Result Patients with ccRCC were categorized into immunotype H subgroup and immunotype L subgroup

based on the overall survival rates. The immunotypes were found to be the independent prognostic index for

ccRCC prognosis. As such, we constructed a new immunotypes-based SSIGN model. Three immune genes

associated with difference between immunotype H and L were identified. An H&L risk-metastasis model was

constructed to evaluate the accuracy of the immunotype model. Compared to the W-Risk-metastasis model

which did not incorporate immunotypes, the H&L risk-metastasis model was more precise in predicting the

survival of ccRCC patients.

Conclusion The established immunotype model can effectively predict the survival of ccRCC patients. Except

for mast cells, T cells and macrophages are positively associated with the overall survival of patients. The three

immune genes identified, herein, can predict the survival rate of ccRCC patients, and expression of these



immune genes is strongly linked to poor survival. The new SSIGN model provides an accurate tool for

predicting the survival of ccRCC patients. H&L risk-metastasis model can effectively predict the risk of tumor

metastasis.

Keywords immune gene; metastasis; Risk-metastasis model; immunotype model; immune cell; prognosis

Introduction

Clear renal cell carcinoma (ccRCC), the most common type of kidney cancer, accounting for 2% of all cancer

cases and deaths, has seen an unprecedented rise worldwide 1, 2. Due to its high potential for metastasis,

ccRCC has a poor prognosis 3, and approximately 30% of RCC patients develop metastasis after surgery 4.

Emerging evidence shows that common ccRCC metastases sites are lungs, regional lymph nodes, bones, liver,

and brain 5. A few studies have evaluated the time of metastasis and OS in metastatic ccRCC.

Immune cells infiltration of the tumor microenvironment (TME) has an important role in tumorigenesis. T-cells,

macrophages, and mast cells are crucial components of the TME 6. More T-cells have been reported in the

TME of solid tumors7. CD4+ helper and cytotoxic CD8+ T-cells have potential inhibitory effects on tumor growth

by targeting antigenic tumor cells 8, 9. Tumor-associated macrophages (TAMs), innate immune effector cells

from the myeloid lineage that influence tissue development, homeostasis, and immune surveillance, may also

suppress or promote tumor growth 13, 14. Migration of mast cells(derived from bone-marrow hematopoietic

progenitors) from vascular to peripheral tissues may promote tumor growth 15, 16. There is evidence that TME

not only plays a significant role in cancer initiation, progression, and metastasis but also influences the

effectiveness of targeted therapy 17. Thus, modulation of TME is of promise in improving the effectiveness of

existing therapies and the discovery of novel avenues for targeted therapy 18, 19.

Advances in gene therapy have achieved great success in managing various cancers 20 and are now under

consideration for severe diseases 21. Currently, tyrosine kinase inhibitors (TKIs) are first-line recommended



treatments for mRCC 1, 2. Targeted therapies such as TKI generally improve patient survival. The cytokines

interleukin-2 (IL-2) and interferon-alpha (IFN-α), also have significant clinical benefits. However, most mRCC

patients eventually develop resistance to TKIs after 8–9 months, on average. Recent evidence shows that

cancer immunotherapy has been used in managing carcinoma 22-24; however, in tumer micro-environment, the

immune cells associated clinical outcomes are poorly understood 24. Recent developments in the mechanisms

of the immune system have brought anti-ccRCC immunotherapy into focus. Particularly, targeted therapy and

immunotherapy are being used to manage mRCC 25. Thus, necessitating an urgent development of new

therapies, especially for patients not benefiting from TKI, IL-2, and IFN.

Currently, tools for stratifying ccRCC patients are limited to aspects such as tumor size. Evaluation of ccRCC

prognosis relies on a few clinical and pathological factors for stratifying patients based on the risk of recurrence

and metastasis. Immunotypes can be more precise in predicting the OS of patients. However, no detailed

analysis of the correlation between immune types and immune genes in ccRCC has been reported.

Here, our risk-metastasis model aims to elucidate the relationship between immunotype, immune genes, and

metastasis. We hypothesized that there are 2 different immunotypes, immunotype H and immonutype L. To

test this possibility, 21 immune cells were explored to reveal the most relevant for prognosis. Next, we

constructed an immune index, validated the immunotype model, and perfected the previous SSIGN model.

Three immune genes associated with immunotype model were identified and could predict survival and

improve ccRCC therapy. Finally, we integrated risk parameters, including age, gene, immunotypes, and

immune-score to construct a risk-metastasis model and tested the immunotype validity.

Methods and procedures

Collection of patient samples



We conducted a series of experiments to determine whether immunotypes could predict the prognosis of

ccRCC patients. In the first experiment, 2 independent patient data sets were obtained from 2 databases, the

TCGA database (Renal clear cell carcinoma Dataset,

https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga) and Renji Hospital

database were analyzed. In the second experiment, an immunotype model comprising 3 independent patient

data sets obtained from 3 databases was constructed. The training cohort included 539 patients obtained from

the TCGA database and the testing cohort included 130 patients downloaded from the GEO database

(GSE46699 dataset) (https://www.ncbi.nlm.nih.gov/geo/), whereas the validation cohort comprised 267 ccRCC

patients from Renji Hospital database. In the third experiment, we tested the performance of the new SSIGN

model, based on 3 independent data sets from patients with ccRCC obtained from 3 databases. The training

cohort included 2877 patients obtained from the SEER database (Renal clear cell carcinoma Dataset),

whereas the testing cohort was composed of patients from the TCGA database. The validation cohort

comprised patient data retrieved from the Renji database.

Human specimens were collected with informed consent from patients, The use of human samples in this

study was approved by the Clinical Research Ethics Committee of Renji Hospital. The inclusion criteria

included: (a) patients who provided informed consent; (b) patients without comorbidities (e.g., those living with

other malignant tumors.); (c) patients with complete follow-up data; (d) patients who underwent nephrectomy,

verified by post-operative histopathology diagnosis; (e) Tumor stage classification was conducted or updated in

line with the 2016 TNM classification. According to the 2016 Fuhrman RCC morphologic stage system, the

Renji database was divided into four groups; F1, F2, F3, and F4. Patients with metastatic tumors were

assigned to the M group.

The primary outcome of survival analysis was overall survival ( defined as the time from the start of systemic

https://www.ncbi.nlm.nih.gov/geo/), whereas


therapy to death). A follow-up protocol on patient history, physical examination, and laboratory measurement

was implemented every 3 months in the first year, and then every 6 months in the next year.

Immunohistochemistry

Immunohistochemistry for the target immune proteins was performed on paraffinized sections using the

following primary antibodies: anti-CD68, anti-CD8, anti-AA1, anti-SLN, anti-CPA4, and anti-AQP9. Paraffinized

samples were sectioned into 6 pieces (each with 5um thickness) then subjected to immunohistochemical

staining for immune cells (T cells, macrophages cells, mast cells) and immune-related genes (SLN, AQP9,

CPA4). At least two pathologists were blinded to the clinicopathological features of the tumors assessed the

degree of reactivity. The stained ccRCC tissues were histologically scored in randomly selected fields

(magnification, 10×2,10×10,10×40).

The tissues were examined using the Pannoramic MIDI a tissue chip scanner (3D HISTECH). For data

analysis, we employed the Quant center software for Pannoramic viewer. The densito quant software was

applied for automated identification and setting of all dark brown spots (strong positives), brown yellows

(moderate positives), light yellows (weak positives), and blue cell nuclei (negatives) on the tissue sections. The

percentage of positivity was used to calculate the immunoscore.

Briefly, the number of positive cells and the intensity of staining in each section were converted into

corresponding values for semi-quantitative straining purposes. H-SCORE=∑（Pi× i）=（percentage of weak

intensity ×1)+( percentage of moderate-intensity ×2)+( percentage of strong intensity ×3). Pi represents the

number of positive cells as a percentage of the total cells and i represents the intensity of staining.

Statistical analysis

All analyses including, survival analysis, Cox regression analysis, and single-factor Cox analyses were



performed in R software. Three immune cells were selected. R software was also employed for LASSO

regression model analysis to calculate the immune coefficient formula, where II = 2^(0.40524 × T-cells +

0.20646685 × macrophages-0.26974584 × mast cells). PCA analysis allowed for the calculation of

immune-score for 3 different immune cells. The distinction between immunotype H with immunotype L

subgroups of the Renji Hospital database was plotted via correlation analysis. The relationship between cells

and clinical stages was evaluated on Boxplot based on the Renji database. We performed ROC curve analysis

in the training cohort and the logistic model calculated. Using a nomogram, we improved the previous SSIGN

into a new SSIGN model. A confusion matrix of the logistic model in TCGA and Renji database was generated.

According to TCGA datasets, gene expression differences between the H&L immunotype groups were

identified via single-factor COX regression analysis. Using R, forest maps of the genes were generated, from

which 659 genes were further identified. Subsequently, 14 immune-related genes were selected based on the

standard of importance >2. GEPIA (http://gepia.cancer-pku.cn/) was employed for KM analysis between gene

expression and progression-free survival (PFS), and to plot a gene expression rectangular map [|log2fc| cutoff:

1; p-value cutoff: 0.01; database: TCGA normal and GTEX data], and map the relationship between gene

expression and clinical stage [use major stage: Yes. Log scale: Yes].

In the experimental group, according to the TCGA database, patients were divided into groups H and L

based on the immunotype H & L model. Using the multivariate Cox model, we identified different groups to

reconstruct the model. Multivariate Cox regression analysis of immunotype H&L was performed. R software

was used to map metastasis risk for patients in groups H and L. In the control group, which comprised the

same TCGA dataset without distinguishing immunotype H and L, the tumor metastasis risk model incorporated

the whole model factors, T-cells, mast cells, macrophages, CPA4, SLN, AQP9, immune-score, and age.

Analysis of the accuracy of the risk model was calculated using the random forest algorithm.



Results

Selecting immune cells associated with ccRCC from TCGA

Kaplan-Meier analysis of the correlation between OS and levels of various immune cells revealed 4

immune cells as significantly correlated. T follicular helper cells and Tregs were negatively correlated with

survival while resting dendritic cells and resting mast cells were positively correlated with survival rate (Figure

1A). No significant differences were reported in other immune cells (Supplementary Figure A). Univariate Cox

regression analysis revealed that the P-value of Tregs, resting mast cells, M2 macrophages, activated memory

CD4 T-cells and follicular helper T-cells were markedly valuable (Table 1). However,there was no useful

P-value found in the other 16 immune cells. Analysis of correlation between immune cell infiltration and tumor

grade revealed that resting mast cells, activated memory CD4 T-cells, resting NK cells, Tregs, plasma cells,

resting memory CD4 T-cells, macrophages M2, CD8 T-cells, monocytes, follicular helper T-cells, activated

dendritic cells, M1 macrophages, and M0 macrophages were significantly different based on the relationship

between grade and infiltration (p=<0.05, Figure 1B, Supplementary Figure B). The other immune cells were not

significantly different (Supplementary figure C). M2 macrophages, resting mast cells, Tregs, follicular helper

T-cells, resting memory CD4 T-cells, CD8 T-cells, resting NK cells, and activated memory CD4 T-cells were

found to be significantly associated with tumor stage (p=<0.05, Figure 1C, Supplementary Figure D) but

correlation with the other immune cells was not significant (Supplementary figure E). Taken together, methods

outlined above demonstrated that T-cells, macrophage cells, and mast cells can be used in immunotype model

construction. To verify the accuracy of these immune cells, we evaluated their levels in immunohistochemistry

(IHC) data from Renji Hospital (Figure 1D-F). In the Renji database, patients were divided into F1, F2, F3, F4,

and metastasis subgroups. IHC results of these 3 immune cells revealed that the levels of T-cells and



macrophages increased with Fuhrman RCC morphologic stage, while mast cells levels decreased with

Fuhrman RCC morphologic stage. Thus, T-cells and macrophages correlated negatively with overall survival,

while mast cells exhibited a positive correlation. Therefore, the 3 immune cells were selected for further

analysis.

Constructing immune index and immunotypes

We used 3 cohorts (the training, testing, and validation cohorts, based on TCGA, GEO, and Renji

hospital datasets, respectively) to explore the correlation of these 3 immune cells with ccRCC. Using R, we

identified lambda to be 0.00171. Based on LASSO Cox regression analysis of the training cohort, the

coefficients for these 3 immune cells were calculated using the formula: II=2^(0.40524×T

cell+0.20646685×Macrophages-0.26974584×Mast cells (Figure 2A). Values of II=≥0.2145 defined

immunotype H, while values of II=<0.2145 defined immunotype L. Based on TCGA database, survival rate

varied significantly between immunotype L (low immunotype) and immunotype H (high immunotype) (Figure

2B), suggesting that the newly defined immunotype could effectively predict ccRCC prognosis. To validate the

accuracy of this immunotype, we classified tumor and normal tissue groups into immunotype H and L

subgroups based on the testing cohort (Figure 2C-D). This analysis revealed that these immunotypes not only

effectively distinguished tumors from normal controls but also precisely identified high-score and low-score

subgroups. A profile built to distinguish between immunotype H and immunotype L subgroups (Figure 2F)

showed that immunotypes were suitable for identifying immunotype H and immunotype L based on the 3

selected immune cells according to Renji database (Figure 2E). We proceeded to evaluate the predictive value

of the immunotype for overall survival of patients by comparing tumor stage to grade among immunotype H

and immunotype L in the validation cohort (Figure 2F). The results revealed that in different immunotype

subgroups, immune-score positively correlated with clinical stage and grade, demonstrating the accuracy of



the immunotype in the validation cohort. Finally, analysis of the accuracy of the immunotype model according

to the RECA-EU database uncovered immunotype A group with a high immune score and immunotype B

group with a low immune score (Figure 2G). The immunotype A group exhibited a lower mean survival rate,

which demonstrated the accuracy of the immunotype model.

Refining SSIGN model by adding the immunotypes

Three cohorts were used to improve the SSIGN model (a widely used model for RCC prognosis by

Mayo Clinic). The training, testing, and validation cohorts were based on SEER, TCGA, and Renji databases,

respectively. To evaluate the prognostic value of immunotype H&L, we constructed a ROC curve and

confusion matrix of logistic model for survival rate based on the training cohort (Figure 3A). It was revealed that

the prediction accuracy based on the refined immunotype H&L model was higher than the original model. We

used confusion Matrix of logistic model to analysis accuracy of immunotype model in predicting survival in the

testing and validation cohorts, which demonstrated that the overall survival prediction accuracy by immunotype

H and L was more precise than that of the entire sub-group (Table 2-3). Taken together, the findings

demonstrate that the immunotype H&L model has higher prediction precision. Based on immunotype H and L

divergence, we re-constructed the SSIGN model (Table 4) and created a novel nomogram to improve the

SSIGN model (Figure 3B).

Identifying immune genes associated with the immunotypes

To reveal potential immune genes associated with immunotype, 659 genes were selected from the

TCGA based on differential gene expression in immunotype H vs immunotype L (Supplementary Table 1).

Using the Forest algorithm, we selected 14 significant immune genes (SLN, GJB6, KCNJ11, SLC22A8,

OBP2A, SLC22A6, SLC22A12, XCR1, MIXL1, RORB, ADGRA1, F7, AQP9, CPA4) based on an importance



of >2 (Figure 4A). Three immune genes (SLN, AQP9, CPA4) that exhibited negative expression correlation

with Disease-Free Survival (DFS) were selected (Figure 4B-D). The remaining immune genes did not

significantly correlate with DFS (Supplement Figure F-G). To validate the accuracy of these 3 immune genes,

we evaluated the relationship between their expression and the ccRCC clinical stage (Figure 4E-G,

Supplementary figure H). The results demonstrated that the expression of these 3 immune genes increased

with advancing clinical stage. Additionally, IHC analysis results of the 3 genes in subgroups F1-F4 and

metastatic individuals in the Renji database, were consistent with previous findings (Figure 4H-J). Collectively,

these data supported the view that the 3 significant immune genes could effectively predict the OS in ccRCC.

Reconstructing the H&L risk-metastasis model

Immunotype H&L correlated with OS. As such, using immunotypes model, we analyzed TCGA data by

first dividing it into immunotype H&L database. Based on the immunotype H database, a novel

H-risk-metastasis model of tumor metastasis was constructed to predict metastasis risk in immunotype H

database. We adopted a risk forest plot of multivariate Cox regression analysis to select key elements in

immunotype H database (Figure 5A, Table 5). These 4 factors, including age, immune-score, AQP9 gene, SLN

gene, were compared its importance (Figure 5B). With the risk forest plot, we used these 4 factors to construct

the H-risk-metastasis model (Figure 5C, Supplementary Figure I). SLN and AQP9 were most significant than

other factors, whereas age was least important compared to other factors. Next, we constructed a new

L-risk-metastasis model using a risk forest plot of multivariate Cox regression analysis to predict metastasis

risk of immunotype L database (Figure 5D, Table 6) and then selected 3 elements to construct an

L-risk-metastasis model (Figure 5E-F, Supplementary Figure J)., which further revealed that CPA4 was most

significant of the other 2 factors, whereas age was the least important than other factors. We constructed 3

types of ccRCC metastasis risk models: H-risk-metastasis model, comprising SLN, AQP9, immune score, and



age; L-risk-metastasis model, comprising SLN, CPA4, and age; and W-Risk-metastasis model based on the

entire TCGA database. The W-Risk-metastasis model included T-cells, macrophages, mast cells, AQP9, SLN,

CPA4, and age, without immunotype. We constructed random forest programs to validate the accuracy of the

metastasis risk models. The accuracy of the H-Risk-metastasis model and L-Risk-metastasis model was 0.828

and 0.823 respectively, whereas that of the W-Risk-metastasis model was 0.709. Notably, the accuracy of

H-Risk-metastasis model and L-Risk-metastasis model was higher than that of the W-Risk-metastasis model

(Table 7), demonstrating the necessity and accuracy of our above immunotype model.

Discussion

ccRCC has been associated with significantly dysfunctional immune cell infiltration, which contributes

to the failure of the immune system to prevent tumor growth 26. However, its relationship has not been

examined based on immune cells with immunotype differentiation 27.

In the last two decades, few studies have examined the role of immunotypes in ccRCC prognosis,

necessitating the development of a more detailed immunotype for ccRCC 26. A previous study classified

ccRCC patients into immunotypes I, II, and III 27; however, immunotypes were based on consensus clustering

to identify 3 subtypes, which may ignore immune cells in exploring the correlation of various subtypes.

However, this work lacked a sufficient database to fully prove the accuracy of these 3 sub-types. Relative to

previous evidence, our study relied on multi-platform databases and the Renji database 28-30. Furthermore, we

used immune cells to construct immunotypes by fully taking immune cells into account.

Here, we first designed a program to construct immunotype H&L. Based on overall survival, stage,

grade, and univariate Cox regression analysis, we identified mast cells, macrophages, and T-cells as leading

indicators for constructing immunotype and verified their accuracy. The results demonstrated that mast cells,

https://www.baidu.com/link?url=xoInyjDjml0JblKht3xhUuQ13Ko-vuy7XTpYGJ986mgyFOqld5Qm13TtscGgB5bD7JRnbi7ym9kk-H6EAumRNoJgMlwMPr6z4B-XeqCJOswwR3x_k5EinKWt35LRuc3u&wd=&eqid=bc1858440002ab2c000000055db59bd5


macrophages, and T-cells influence tumor development by releasing several cellular factors. T-cell transfer can

trigger tumor regression. Several studies reported the dominance of TAMs in patients with ccRCC, which could

explain above difference 31. TAMs have been characterized as macrophages with distinctive negativity for

CD33, with immunosuppressive properties 32. There is evidence that mast cells induce immunosuppression by

releasing TNF-α and IL-10, which promote Treg-mediated immune tolerance 33. In the Renji database, we

found that the levels of T-cell and macrophages increased from F1 to metastasis while mast cells reduced. The

findings demonstrated that T-cells and macrophages negatively correlate with overall survival, while mast cells

correlate positively with overall survival, hence, supporting our approach of using these 3 immune cells to

construct the immunotype model.

Unlike previous reports in which immunotype model H&L was based on 4 different aspects, our

immunotype model based on mast cells, macrophages, and T-cells can improve the prediction of ccRCC

survival. First, the immunotyping model was validated in GEO datasets, therefore is effective in distinguishing

tumors with normal subtypes and can accurately identify the immune H and L subtypes. Secondly, we verified

the accuracy of the immunotype model according to the Renji hospital database. The results provide

convincing evidence that the 3 indicators (macrophages, mast cells, and T cells) used to construct this model

can fully distinguish different immunotypes. Thirdly, using the Renji hospital database, we compared the

relationship between tumor and clinical-stage or grade and found that immune score increased with advancing

clinical tumor grade and stage. Thus, we strongly ascertain that immune-score is an important index for

distinguishing immune H & L groups. Finally, using the TCGA database, we evaluated the OS predictive value

of the immunotype. These results fully support the view that that immunotyping H & L may better predict

survival rate. Taken together, immunotype is associated with overall survival, T stage, and the Fuhrman grade

in RCC patients, therefore, is of great promise as a novel biomarker for RCC diagnosis and treatment.



Considering the immunotypes, our new SSIGN model differs from previously reported RCC models.

Previous RCC models for evaluating OS include Karakiewicz nomogram, CCP, R-CCP, and Clearcode 34 28-30.

Karakiewicz nomogram was based on clinical factors without incorporating tumor type, while CCP, R-CCP, and

Clearcode 34 were based on genes without including clinical and immune factors 28-30. Of note, the new SSIGN

model includes clinical factors, such as tumor grade, stage, and metastasis, and interpolate immunotypes and

immune genes. The model was further validated in 3 independent cohorts (testing cohort, training cohort, and

validation cohort) from 3 databases. With this view, the new SSIGN model is valid and effective for survival

prediction and treatment.

Moreover, gene expression data were analyzed to explore the potential biological phenotypes

associated with the immunotype. In particular, we focused on the correlation between OS and the expression

of selected immune-related genes. The results showed that expressions of SLN, AQP9, and CAP4 genes were

negatively correlated with survival rate, thereby demonstrating prognostic and therapeutic potential.

Upregulation of these 3 immune genes was correlated with poor survival. A previous trial showed that genes

were linked with different immunotypes 34-39. Several lines of evidence demonstrated that these 3

immune-related genes are closely associated with clinical survival and recurrence 38-42.

We also constructed 3 metastasis risk models based on multi-factors. Of note, the immune score was

revealed to be most influential. The accuracy of the models (divided into H&L risk-metastasis group) was

higher than that of the W-Risk-metastasis model. The observations further illustrate the accuracy of our

immunotype model. Combined with the H & L-Risk metastasis models, the 3 immune genes play pivotal roles

in tumor metastasis. Mounting evidence shows that SLN, CPA4, and AQP9 are related to tumor progression,

offering a basis for developing combinational immunotherapies 40-46,50. Thus, targeted therapy based on these

genes may be a useful tool for early ccRCC detection and treatment 47-49. We believe that our findings have a



high potential to translate into clinical practice.

In summary, this work, has, for the first time, selected immune cells based on 3 ccRCC patient cohorts.

An immune index was constructed and 2 immunotypes - H&L were revealed. This work also demonstrates that

immunotypes are of promise as significantly effective prognostic and predictive tools for ccRCC patients. Also,

the newly established SSIGN models offer indispensable comprehensive clinical functions for improving

personalized ccRCC patient management. Additionally, the constructed H or L-Risk metastasis models show

higher accuracy than other models of predicting metastasis and OS. Lastly, the 3 ccRCC-associated immune

cells and genes identified, herein, highlights novel, potential, targeted therapeutic strategies.
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Key of Definitions for Abbreviations

Renal clear cell carcinoma（ccRCC）

The Cancer Genome Atlas (TCGA)

Gene Expression Omnibus (GEO)

Metastatic renal cell carcinoma (mRCC)

Overall survival (OS)

Immunohistochemistry (IHC)

Tyrosine kinase inhibitors (TKIs)

Microenvironment (TME)

Renal cell carcinoma (RCC)



Tumor-associated macrophages (TAMs)

Kaplan-Meier survival curves (KM survival curves)

Figure legends
Figure 1. Identification of immune cells. (a) K-M survival curve of four immune cells. (b) The

expression of immune cells in different grades. (c) The expression of immune cells in different stages. (d) The

IHC of three immune cells in the F1-F4 subgroups and individuals with metastases.

Figure 2. Construction of an immunotype model. (a) The LASSO Cox regression models

were constructed based on the coefficients of immune cells. Based on II, immunotype H was defined as

immune index ≫0.2145 and immunotype L was defined as immune index < 0.2145. (b) The survival rate of

immunotype H and immunotype L. (c) The immune scores of 3 immune cells in the tumor and normal tissues.

(d) The immune scores of 3 immune cells in immunotype H and immunotype L. (e) Immunescore of different

immunotype subgroups in relation to tumor grade and stage. (f) Correlation among the 3 immune cells in the

validation cohort. (g) The survival rate of patients in immunotype H and immunotype L based on the RECA-EU

database.

Figure 3. Construction of a novel SSIGN model. (a) ROC curve for training cohort and the

survival rate. (b) Construction of the SSIGN model.

Figure 4. Identification of immunotype-associated genes. (a) A Forest Algorithm

identified 3 immune-related genes. (b-d) The expression and DFS of these 3 genes. (e-g) The relationship

between expression levels of the 3 genes and Furman stage. (h-j) Results of IHC assay for the 3 immune

genes in the F1-F4 subgroups and patients with metastases.

Figure 5. Construction of the risk-metastasis model. (a) The H-risk-metastasis model. (b)

The four factors used to assess the performance of the model. (c) Random forest models constructed from the

four factors. (d) A risk forest plot of multivariate Cox regression analysis performed for the L-Risk-metastasis

model. (e) Three factors used to assess the performance of the model. (f) Random forest models constructed

based on 3 factors.

Table 1 Five immune cells (T cells regulatory, Mast cells, Macrophages M2, T cells CD4 memory, T cells

follicular helperactivated) selected by COX regression in 539 patients with ccRCC.

Table 2 The new SSIGN model.

https://www.baidu.com/link?url=xoInyjDjml0JblKht3xhUuQ13Ko-vuy7XTpYGJ986mgyFOqld5Qm13TtscGgB5bD7JRnbi7ym9kk-H6EAumRNoJgMlwMPr6z4B-XeqCJOswwR3x_k5EinKWt35LRuc3u&wd=&eqid=bc1858440002ab2c000000055db59bd5
https://www.baidu.com/link?url=xoInyjDjml0JblKht3xhUuQ13Ko-vuy7XTpYGJ986mgyFOqld5Qm13TtscGgB5bD7JRnbi7ym9kk-H6EAumRNoJgMlwMPr6z4B-XeqCJOswwR3x_k5EinKWt35LRuc3u&wd=&eqid=bc1858440002ab2c000000055db59bd5


Table 3 The Confusion Matrix logistic model used to assess the survival rate of patients in the Testing

cohort.

Table 4 The Confusion Matrix logistic model used to evaluate the survival rate of patients in the Validation

cohort.

Table 5 Multivariate Cox regression analysis of immunotype H database

Table 6 Multivariate Cox regression analysis of immunotype L database

Table 7 Comparison of the 3 models

Supplementary Figure A
K-M survival curve of four immune cells

Supplementary Figure B
The expression of immune cells at different grades.

Supplementary figure C
Expression of Immune cells at different grades.

Supplementary Figure D
Expression of immune cells at different stages.

Supplementary figure E
Expression of immune cells at different stages.

Supplementary figure F
Expression of 11 genes; GJB6, KCNJ11, SLC22A8, OBP2A, SLN22A6, SLN22A12, XCR1, MIXL, RORB,

ADGRV1, and F7 in normal samples and samples from ccRCC patients.

Supplementary figure G
The DFS of 11 genes: GJB6, KCNJ11, SLC22A8, OBP2A, SLN22A6, SLN22A12, XCR1, MIXL, RORB,

ADGRV1, and F7.

Supplementary figure H
Association of expression of 11 genes; GJB6, KCNJ11, SLC22A8, OBP2A, SLN22A6, SLN22A12, XCR1,

MIXL, RORB, ADGRV1, and F7 with the Furman stage.

Supplementary figure I
Random forest models for assessment of the H-Risk-metastasis model constructed from 4 factors

Supplementary figure J
Random forest model for evaluation of the L-Risk-metastasis model constructed from 3 factors

https://www.baidu.com/link?url=xoInyjDjml0JblKht3xhUuQ13Ko-vuy7XTpYGJ986mgyFOqld5Qm13TtscGgB5bD7JRnbi7ym9kk-H6EAumRNoJgMlwMPr6z4B-XeqCJOswwR3x_k5EinKWt35LRuc3u&wd=&eqid=bc1858440002ab2c000000055db59bd5
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Supplementary Table 1
Comparison of genes between immunotype H and immunotype L.



Figures

Figure 1

Identi�cation of immune cells. (a) K-M survival curve of four immune cells. (b) The expression of immune
cells in different grades. (c) The expression of immune cells in different stages. (d) The IHC of three
immune cells in the F1-F4 subgroups and individuals with metastases.



Figure 2

Construction of an immunotype model. (a) The LASSO Cox regression models were constructed based on
the coe�cients of immune cells. Based on II, immunotype H was de�ned as immune index 0.2145 and
immunotype L was de�ned as immune index < 0.2145. (b) The survival rate of immunotype H and
immunotype L. (c) The immune scores of 3 immune cells in the tumor and normal tissues. (d) The
immune scores of 3 immune cells in immunotype H and immunotype L. (e) Immunescore of different



immunotype subgroups in relation to tumor grade and stage. (f) Correlation among the 3 immune cells in
the validation cohort. (g) The survival rate of patients in immunotype H and immunotype L based on the
RECA-EU database.

Figure 3

Construction of a novel SSIGN model. (a) ROC curve for training cohort and the survival rate. (b)
Construction of the SSIGN model.



Figure 4

Identi�cation of immunotype-associated genes. (a) A Forest Algorithm identi�ed 3 immune-related genes.
(b-d) The expression and DFS of these 3 genes. (e-g) The relationship between expression levels of the 3
genes and Furman stage. (h-j) Results of IHC assay for the 3 immune genes in the F1-F4 subgroups and
patients with metastases.



Figure 5

Construction of the risk-metastasis model. (a) The H-risk-metastasis model. (b) The four factors used to
assess the performance of the model. (c) Random forest models constructed from the four factors. (d) A
risk forest plot of multivariate Cox regression analysis performed for the L-Risk-metastasis model. (e)
Three factors used to assess the performance of the model. (f) Random forest models constructed based
on 3 factors.
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