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Abstract: Recent data suggest that vascular endothelial growth factor receptor inhibitor (VEGFRi) can enhance the anti-tumor 
activity of the anti-programmed cell death-1 (anti-PD-1) antibody in colorectal cancer (CRC) with microsatellite stability (MSS). 
However, the comparison between this combination and standard third-line VEGFRi treatment is not performed, and reliable 
biomarkers are still lacking. We retrospectively enrolled MSS CRC patients receiving anti-PD-1 antibody plus VEGFRi (combination 
group, n=54) or VEGFRi alone (VEGFRi group, n=32), and their efficacy and safety were evaluated. We additionally examined 
the immune characteristics of the MSS CRC tumor microenvironment (TME) through single-cell and spatial transcriptomic data, 
and an MSS CRC immune cell-related signature (MCICRS) that can be used to predict the clinical outcomes of MSS CRC patients 
receiving immunotherapy was developed and validated in our in-house cohort. Compared with VEGFRi alone, the combination of 
anti-PD-1 antibody and VEGFRi exhibited a prolonged survival benefit (median progression-free survival: 4.4 vs. 2.0 months, 
P=0.0024; median overall survival: 10.2 vs. 5.2 months, P=0.0038) and a similar adverse event incidence. Through single-cell 
and spatial transcriptomic analysis, we determined ten MSS CRC-enriched immune cell types and their spatial distribution, 
including naive CD4+ T, regulatory CD4+ T, CD4+ Th17, exhausted CD8+ T, cytotoxic CD8+ T, proliferated CD8+ T, natural killer 
(NK) cells, plasma, and classical and intermediate monocytes. Based on a systemic meta-analysis and ten machine learning 
algorithms, we obtained MCICRS, an independent risk factor for the prognosis of MSS CRC patients. Further analyses 
demonstrated that the low-MCICRS group presented a higher immune cell infiltration and immune-related pathway activation, 
and hence a significant relation with the superior efficacy of pan-cancer immunotherapy. More importantly, the predictive value 
of MCICRS in MSS CRC patients receiving immunotherapy was also validated with an in-house cohort. Anti-PD-1 antibody 
combined with VEGFRi presented an improved clinical benefit in MSS CRC with manageable toxicity. MCICRS could serve as 
a robust and promising tool to predict clinical outcomes for individual MSS CRC patients receiving immunotherapy.

Key words: Colorectal cancer (CRC); Microsatellite stability (MSS); Immunotherapy; Single-cell RNA sequencing (scRNA-seq); 
Spatial transcriptomics

1 Introduction

Colorectal cancer (CRC) ranks among all cancer 
types as the third highest in terms of incidence and 
second highest in terms of mortality worldwide (Sung 
et al., 2021). In China, CRC is one of the five most 
commonly diagnosed cancers and is the leading cause 
of cancer-related death in both genders, with approxi‐
mately 408 000 new cases and 195 600 deaths in 2016 
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(Zheng et al., 2023). For locally advanced or metastatic 
CRC, chemotherapy based on 5-fluorouracil is the 
standard first- and second-line treatment, including 
FOLFOX (5-fluorouracil, leucovorin plus oxaliplatin) 
and FOLFIRI (5-fluorouracil, leucovorin plus irinote‐
can) alone or combined with the vascular endothelial 
growth factor (VEGF) blocker bevacizumab or the epi‐
dermal growth factor receptor (EGFR) blocker cetuxi‑
mab (if RAS wild-type) (Modest et al., 2019). Two 
small-molecule inhibitors that target the VEGF recep‐
tor (VEGFR), namely, regorafenib and fruquintinib, 
have been approved for treating patients who have 
progressed after chemotherapy in China. Although 
regorafenib or fruquintinib presented an improved 
survival compared with placebo, fewer than 5% of 
patients achieved an objective response, indicating that 
the clinical benefit of the VEGFR inhibitor (VEGFRi) 
is still limited, and exploring other effective treatment 
strategies for chemotherapy-refractory CRC patients 
remains an unmet need (Grothey et al., 2013; Li et al., 
2018).

Recently, immunotherapies represented by im‐
mune checkpoint inhibitors (ICIs), such as the anti-
cytotoxic T-lymphocyte antigen 4 (anti-CTLA4) anti‐
body ipilimumab and the anti-programmed cell death 1 
(anti-PD-1) antibodies pembrolizumab and nivolumab, 
have exhibited durable anti-tumor activity in various 
cancers, revolutionizing the field of cancer treatment. 
Notably, the objective response rate (ORR) of single 
agent or doublet ICIs has reached 30%–60% in a hand‐
ful of CRC patients who are characterized as micro‑
satellite instability-high (MSI-H), a molecular pheno‐
type of CRC that is due to mismatch repair-related 
gene mutation (Le et al., 2015, 2017, 2020; Overman 
et al., 2017, 2018; André et al., 2020). Based on these 
results, pembrolizumab or nivolumab monotherapy 
and nivolumab combined with ipilimumab have been 
approved for the treatment of MSI-H CRC. However, 
immunotherapy is particularly ineffective in patients 
with microsatellite stability (MSS), a population that 
comprises approximately 85% of advanced CRC. The 
treatment failure is primarily due to the immunosup‐
pressive tumor microenvironment (TME) of MSS CRC. 
Hence, the combination of ICIs and other therapies to 
reverse the immunosuppressive environment may be 
the key to treating MSS CRC.

The mechanisms of VEGF-mediated immune 
suppression have been widely clarified. Blocking the 

VEGF-related pathway could normalize vascular con‐
struction, inhibit the production of immunosuppressive 
cells, such as regulatory T cells (Tregs) and myeloid-
derived suppressor cells (MDSCs), and increase effec‐
tor T cell infiltration in the TME (Rahma and Hodi, 
2019). Therefore, it is reasonable to consider that 
VEGFRi has a synergistic effect with immunotherapy 
through restoring immune activity in MSS tumors. 
Three current single-arm clinical trials have shown 
that ICIs combined with VEGFRi have a promising 
anti-tumor activity in MSS CRC (Fukuoka et al., 2020; 
Cousin et al., 2021; Kim et al., 2022), whereas a com‐
parison between this combination and standard third-
line treatment is still lacking. Meanwhile, identifying 
predictive biomarkers to select suitable patients to 
receive immunotherapy is critically important. Single-
cell RNA sequencing (scRNA-seq) and spatial tran‐
scriptomic data provide the comprehensive character‐
istics of TME cell-type composition, distribution, and 
heterogeneity, which help to advance our understand‐
ing of key features of tumorigenesis, metastasis, and 
drug resistance.

In this work, we evaluated the efficacy and safety 
of the combination of anti-PD-1 antibody and VEGFRi 
compared with VEGFRi alone in MSS CRC. Through 
scRNA-seq and spatial transcriptomic data, we deter‐
mined the gene signature of MSS CRC-enriched im‐
mune cells and assessed its predictive value for the 
prognosis, recurrence, and benefit of immunotherapy 
in MSS CRC patients. Our work may help optimize 
precision treatment and further improve the clinical 
outcomes of CRC patients.

2 Materials and methods 

2.1 Study design, patient enrollment, data collection, 
and treatment procedure

This study retrospectively evaluated the efficacy 
and safety of anti-PD-1 antibody and VEGFRi combin‑
ation therapy compared with VEGFRi monotherapy 
in MSS CRC.

Eligible patients were pathologically confirmed 
to have unresectable locally advanced or metastatic 
MSS CRC and the progression of previous chemother‐
apy. The exclusion criteria were as follows: (1) auto‐
immune disease history or any underlying immune dys‐
function disease; (2) an Eastern Cooperative Oncology 
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Group (ECOG) performance status of 3 or higher; 
(3) inadequate bone marrow hematopoietic, hepatic, 
and renal functions. Patients receiving anti-PD-1 anti‐
body and VEGFRi (regorafenib or fruquintinib) were 
enrolled as the combination group, while patients 
receiving VEGFRi monotherapy were enrolled as the 
VEGFRi group. All enrolled participants signed an 
informed consent form. The baseline clinical character‐
istics of each enrolled patient were collected from elec‐
tronic medical records. Peripheral blood lymphocyte 
and monocyte counts of each patient were obtained 
within one week before treatment initiation through 
the Hematology Analyzer System (Beckman Coulter 
LH780 ANl6104).

With regards to treatment procedure, in the 
VEGFRi group, patients received regorafenib or fru‐
quintinib orally once daily for three weeks and were 
off treatment for one week in a four-week cycle. In 
the combination group, anti-PD-1 antibody was given 
intravenously starting on Day 1 of  VEGFRi initiation.

2.2 Therapeutic efficacy, survival, and safety 
assessment

Therapeutic efficacy was evaluated by radiolo‐
gists and investigators every six weeks after treatment 
initiation according to the Response Evaluation Crite‐
ria in Solid Tumors version 1.1, and was documented as 
complete response (CR), partial response (PR), stable 
disease (SD), and progressive disease (PD). ORR was 
defined as the percentage of patients with CR or PR, 
and disease control rate (DCR) was defined as the per‐
centage of patients with CR, PR, or SD. Progression-
free survival (PFS) was defined as the duration from 
the date of treatment initiation to the date of disease 
progression or death due to any cause, whichever 
occurred first. Overall survival (OS) was defined as 
the duration from the date of treatment initiation to the 
date of death due to any cause. All treatment-related 
adverse events (AEs) were evaluated and graded accord‐
ing to the Common Terminology Criteria for Adverse 
Events version 4.0.

2.3 Public scRNA-seq, spatial transcriptomic, and 
bulk RNA-seq data collection

The scRNA-seq data of CRC were collected from 
two independent datasets, GSE132465 and GSE146771 
(Lee et al., 2020; Zhang et al., 2020). Specifically, 
GSE132465 contained 65 362 single cells from 33 

samples (23 tumors and 10 adjacent normal tissues) 
of 23 CRC patients (4 with MSI-H and 19 with MSS), 
and GSE146771 contained 54 285 single cells from 
the tumors, adjacent normal tissues, and blood samples 
of 18 CRC patients (3 with MSI-H and 15 with MSS). 
All CRC patients were treatment-naive and all single 
cells underwent quality control for further analyses. The 
spatial transcriptomic data of CRC patients were down‐
loaded from the website (http://www.cancerdiversity.
asia/scCRLM) of a spatial transcriptomic study includ‐
ing eight samples from four patients (Wu et al., 2022). 
Four paired primary and liver metastatic (LM) tumor 
samples from two treatment-naive patients, namely, 
CRC-1P, LM-1P, CRC-2P, and LM-2P, were used for 
spatial analyses. In addition, the bulk RNA-seq data of 
1293 MSS CRC patients from seven public datasets 
were obtained from The Cancer Genome Atlas (TCGA) 
and Gene Expression Omnibus (GEO). Among these, 
the TCGA-CRC cohort was composed of 418 patients 
from TCGA-colon adenocarcinoma (COAD) and 
TCGA-rectum adenocarcinoma (READ) datasets, and 
the GEO-meta cohort was composed of six datasets 
including GSE39582 (n=459), GSE39084 (n=54), 
GSE41258 (n=137), GSE92921 (n=53), GSE143985 
(n=85), and GSE30378 (n=87). Furthermore, 23 pan-
cancer immunotherapy cohorts with therapeutic effi‐
cacy, prognosis, and bulk RNA-seq data were also col‐
lected, including 1 MSS CRC dataset, 12 melanoma 
datasets, 2 renal carcinoma datasets, 2 urothelium car‐
cinoma datasets, 2 lung cancer datasets, 1 breast cancer 
dataset, 1 gastric cancer dataset, 1 esophagus cancer 
dataset, and 1 hepatocellular carcinoma dataset. The 
detailed information about each dataset is presented in 
Table S1.

2.4 scRNA-seq data processing and analysis

The scRNA-seq data analysis was performed 
using the “Seurat” R package. First, the batch effects 
among different samples were corrected using the 
canonical correlation analysis method (Butler et al., 
2018). Then, the top 2000 highly variable genes were 
identified by the “FindVariableFeatures” function 
for further principal component analysis (PCA) and 
t-distributed stochastic neighbor embedding (tSNE) 
dimensionality reduction. Furthermore, we used the 
“FindClusters” function to obtain different cell clusters, 
and the “FindAllMarkers” function to determine the dif‐
ferentially expressed genes (DEGs) for each cluster. 
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Lastly, we annotated different cell types manually 
according to well-known marker genes and previous 
research.

2.5 Tissue distribution preference analysis

To characterize the tissue distribution of differ‐
ent cell types, we calculated odds ratios (ORs) to indi‐
cate preferences through Fisher’s exact test. An OR 
value of >1.5 indicated that cell type was preferentially 
distributed in tissue, whereas an OR value of <0.5 indi‐
cated that cell type preferred not to be distributed in 
tissue (Zheng et al., 2021).

2.6 Cell‒cell communication analysis

Based on a ligand–receptor interaction database, 
the cell‒cell communication network was analyzed 
using the “CellChat” R package to explore the com‐
munication probability of different cell subtypes, major 
pathway signaling, and ligand–receptor pairs (Jin et al., 
2021). The “netVisual_circle” function was used to 
visualize the interaction numbers and strength among 
different cell subtypes.

2.7 Pseudotime trajectory analysis

The “monocle” R package was performed to illus‐
trate the cell state transition of different cell types 
including CD4+ T cells, CD8+ T cells, and monocytes; 
a reversed graph-embedding technique was applied to 
reconstruct single-cell trajectories (Qiu et al., 2017). 
Briefly, highly variable genes were identified for semi-
supervised trajectory reconstruction. Dimensional re‐
duction and cell ordering were performed using the 
DDRTree method and the “orderCells” function. The 
“plot_cell_trajectory” function was used to visualize the 
dynamic pseudotime trajectories of different cell types.

2.8 Spatial transcriptomic data processing and cell 
type identification

The spatial transcriptomic data of each sample 
were processed using the “Seurat” R package and ana‐
lyzed separately. In detail, the data were normalized 
using the “SCTransform” method and then submit‐
ted to perform “RunPCA,” “FindNeighbors,” and 
“FindClusters” to obtain clusters of spatial spots with 
similar transcriptomic characteristics. Considering that 
each spot contained approximately ten cells, we could 
not identify the certain cell type for each spot. Hence, 
using cell type annotation information from scRNA-seq 

data as a reference, combined with pathological features 
of hematoxylin and eosin (H&E) staining sections, 
we predicted the main cell types of spatial spots using 
the “FindTransferAnchors” and “TransferData” func‐
tions of “Seurat.” As for immune cell subtype annota‐
tion, based on DEGs and the well-known marker 
genes of each cell subtype, we used a signature-based 
strategy to score each cell subtype enrichment via the 
“AddModuleScore” function, which was visualized 
by the “SpatialFeaturePlot” function.

2.9 Bulk RNA-seq data processing

The RNA-seq raw read count data of the TCGA-
CRC cohort were downloaded via the “TCGAbiolinks” 
R package, further converted to the values of tran‐
scripts per kilobase million (TPM), and log2-transformed 
(Colaprico et al., 2016). For the microarray data of six 
GSE CRC cohorts, we used normalized matrix files 
downloaded from the GEO database.

In addition, among 23 immunotherapy cohorts, the 
RNA-seq data of the IMvigor210 cohort were avail‐
able from the “IMvigor210” R package (Mariathasan 
et al., 2018). The expression data of other cohorts were 
downloaded from the GEO database or supplementary 
files from corresponding research (Table S1).

2.10 Weighted correlation network analysis 
(WGCNA)

Co-expression gene networks of the TCGA-CRC 
cohort were generated via the “WGCNA” R package 
(Langfelder and Horvath, 2008). An appropriate soft 
threshold β was calculated for the scale-free network. 
The weighted adjacency matrix was converted into a 
topological overlap matrix (TOM), and the corre‐
sponding dissimilarity was generated (1−TOM). The 
dynamic tree-cutting approach was used to identify 
different modules. The module that displayed the high‐
est correlation with immune cell enrichment was chosen 
for further analysis, and the genes with both high gene 
significance (GS) and module membership (MM) were 
defined as immune cell-related hub genes.

2.11 MSS CRC immune cell-related signatures 
generated from machine learning-based integrative 
approaches

To develop a stable and accurate MSS CRC 
immune cell-related signature (MCICRS), we first used 
a multivariable Cox proportional hazards regression 
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analysis to obtain OS-related genes in TCGA-CRC, 
GSE39582, and GSE41258 cohorts adjusted by age, 
gender, and tumor node metastasis (TNM) stage. 
Through the “meta” R package, the hazard ratio (HR) 
of each OS-related gene was pooled in the random-
effects model of a systematic meta-analysis, and the 
stable prognostic genes were determined. Then, we 
integrated ten machine learning algorithms, including 
random survival forest (RSF, “randomForestSRC” R 
package), Lasso (“glmnet” R package), elastic network 
(Enet, “glmnet” R package), Ridge (“glmnet” R pack‐
age), stepwise Cox (“survival” R package), CoxBoost 
(“CoxBoost” R package), partial least squares regres‐
sion for Cox (plsRcox, “plsRcox” R package), super‐
vised principal components (SuperPC, “superpc” R 
package), generalized boosted regression modeling 
(GBM, “superpc” R package), and survival support 
vector machine (survival-SVM, “survivalsvm” R pack‐
age), and a total of 96 algorithm combinations to fit 
prediction models across the TCGA-CRC, GSE39582, 
GSE39084, and GSE41258 cohorts. The concordance 
index (C-index) was calculated for each model, and 
the model with the highest average C-index was con‐
sidered optimal.

2.12 Immune infiltration analysis

A total of seven algorithms, including single-
sample gene set enrichment analysis (ssGSEA, “GSVA” 
R package), cell type enrichment analysis (xCell, 
“xCell” R package), estimation of stromal and im‐
mune cells in malignant tumors using expression data 
(ESTIMATE, “estimate” R package), quantitative 
tumor immune cell spatial characterization (quanTIseq, 
“immunedeconv” R package), microenvironment cell 
populations-counter (MCP-counter, “MCPcounter” R 
package), estimation of proportions of immune and 
cancer cells (EPIC, “EPIC” R package), and the tumor 
immune estimation resource (TIMER) databases, were 
employed to quantify the relative infiltration abun‐
dances of different TME immune cell types in the 
TCGA-CRC cohort.

Furthermore, the gene set variation analysis 
(GSVA, “GSVA” R package) and gene set enrichment 
analysis (GSEA, “clusterProfiler” R package) were 
performed to investigate the activity of pathway signal‐
ing based on hallmark gene sets (h.all.v7.5.1.symbols, 
Molecular Signatures Database (MSigDB), http://www.
gsea-msigdb.org/gsea/msigdb).

2.13 Proteomic analysis through proteomaps

We used proteomaps to analyze and visualize the 
composition of protein abundances and their functions 
(https://www.proteomaps.net) (Liebermeister et al., 
2014). The proteomaps could be divided into six dif‐
ferent functional parts, including genetic information 
processing, metabolism, organismal systems, environ‐
mental information processing, human disease, and cel‐
lular processes. Each protein was shown as a polygon-
shaped tile with an area representing protein abun‐
dance, and function-related proteins appeared in adja‐
cent regions.

2.14 Statistical analysis

Categorical variables were reported as frequencies 
and percentages, and their significance was compared 
using the Chi-square test. For continuous variables, 
Student’s t-test or Wilcoxon test was used for compar‐
isons between two groups, and one-way analysis of 
variance (ANOVA) or the Kruskal-Wallis test for com‐
parisons among three groups. In addition, Pearson’s 
correlation test was used for assessing correlations 
between two continuous variables.

The best cut-off value was determined by the 
“survminer” R package. The Kaplan-Meier method and 
log-rank test were used for survival analysis via the 
“survival” R package. Multivariable Cox regression 
analysis was used to identify significant prognostic vari‐
ables and calculate HR and 95% confidence interval 
(CI), which was visualized using the “forestplot” R 
package. The nomogram was developed using the “rms” 
R package, and the time-dependent area under the 
receiver operating characteristic (ROC) curve (AUC) 
was evaluated using the “timeROC” R package. All 
statistical analyses were performed using the R soft‐
ware version 4.0. All statistical tests were two-tailed 
and a P-value less than 0.05 was considered statistic‑
ally significant.

3 Results 

3.1 Immune and angiogenic landscape in the MSS 
CRC tumor microenvironment

The overall design of this study is displayed in 
Fig. 1a. To better elucidate the TME cellular composi‐
tion of a CRC tumor, we analyzed a total of 65 362 
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cells from the scRNA-seq data, and eight major cell 
types were annotated (Figs. S1a, S2a, and S2b). Therein, 
the MSS tumor had the highest proportion of epi‐
thelial cells and the lowest immune cell infiltration 

compared with the MSI tumor and adjacent normal 
tissue (Fig. S2c). To illustrate the effects of immune 
suppression and angiogenesis in MSS CRC tumors, 
we first investigated the immune checkpoint and VEGF 

Fig. 1  Effect of immunotherapy combined with anti-angiogenic therapy on the clinical outcomes of MSS CRC patients. 
(a) Study workflow. (b) The treatment response comparison of the combination and VEGFRi groups (disease control rate 
(DCR): 66.7% vs. 28.1%, P=0.0012, Chi-square test). (c, d) Kaplan-Meier analyses of progression-free survival (PFS) (c) and 
overall survival (OS) (d) in the combination and VEGFRi groups (log-rank test). (e, f) Subgroup analyses of PFS (e) and 
OS (f) in the combination and VEGFRi groups. (g) Adverse events of any grade in the combination and VEGFRi 
groups. PR: partial response; SD: stable disease; PD: progressive disease; ECOG: Eastern Cooperative Oncology Group; 
ALP: alkaline phosphatase; ALT: alanine aminotransferase; AST: aspartate aminotransferase; APTT: activated partial 
thromboplastin time; PT: prothrombin time; PPES: palmar-plantar erythrodysesthesia syndrome; WBC: white blood cell 
count; RCCEP: reactive cutaneous capillary endothelial proliferation.
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pathway-related gene expression among different cell 
types (Fig. S1b). Compared with adjacent normal 
tissue, we observed high expression of major immune 
checkpoint genes in T cells from the MSS tumor, such 
as PD-1, CD274 (programmed death-ligand 1 (PD-L1)), 
CTLA4, lymphocyte-activation gene 3 (LAG3), T-cell 
immunoglobulin and immunoreceptor tyrosine-based 
inhibitory motif domain (TIGIT), and hepatitis A virus 
cellular receptor 2 (HAVCR2) (T-cell immunoglobu‐
lin and mucin-domain containing-3 (TIM-3)), indicat‐
ing an exhausted state of T cells in the TME. In add‑
ition, VEGFA and VEGFB were highly expressed in 
malignant epithelial and myeloid cells and fibroblasts 
in tumor tissue, demonstrating that these cell types 
were the main sources of angiogenic factor release. In 
addition, we found high co-expression of CD274, 
HAVCR2, VEGFA, and VEGFR1 in tumor myeloid 
cells, suggesting their critical roles in maintaining a 
suppressed immune and pro-angiogenic TME.

Owing to the complexity of intratumor architec‐
ture, we next explored the spatially expressed location 
of immune checkpoint and VEGF pathway-related 
genes in spatial transcriptomic data (Fig. S1c). We 
found a highly spatial co-expression of CD68, endoglin 
(ENG), and platelet endothelial cell adhesion molecule 1 
(PECAM1), indicating a wide distribution of myeloid 
cells in the stromal region. Meanwhile, VEGFA and 
VEGFB were also co-expressed in the same area, which 
was consistent with the scRNA-seq data. Interestingly, 
there was a subset of exhausted CD8+ T cells (high 
expression of CD3D, CD8A, PD-1, CTLA4, and TIGIT) 
with co-localized VEGFB+ myeloid cells wrapped 
around endothelial cells, indicating a physical interac‐
tion between VEGF-driven angiogenesis and immune 
suppression. Additionally, a significant positive corre‐
lation was observed between the immune checkpoint 
and VEGF-related angiogenic signatures among all 
spots of spatial transcriptomic data (Fig. S1d). Fur‐
thermore, in MSS CRC tumors, the extensive commu‐
nications among malignant epithelial, myeloid, and 
endothelial cells and fibroblasts through the VEGF 
signaling pathway were presented by the cell-chat 
analysis (Figs. S1e and S1f). Collectively, these find‐
ings verified the synergistic effect between immuno‐
suppression and angiogenesis from single-cell and 
spatial dimensions, and hinted that the combination of 
immunotherapy and anti-angiogenic therapy might 
enhance anti-tumor activity in MSS CRC.

3.2 Effect of immunotherapy combined with 
anti-angiogenic therapy on the clinical outcomes of 
MSS CRC patients

To evaluate the efficacy and safety of immuno‐
therapy combined with anti-angiogenic therapy in MSS 
CRC, we retrospectively enrolled 54 patients receiv‐
ing anti-PD-1 antibody plus VEGFRi as a combin‑
ation group. For comparison, 32 patients receiving 
standard VEGFRi monotherapy were enrolled as a 
VEGFRi group. The baseline clinical characteris‐
tics of the patients in the two groups were basically 
balanced (Table S2). At the cutoff date, the median 
follow-up time was 5.8 months (interquartile range 
(IQR) 3.1‒10.7 months) in the combination group and 
3.8 months (IQR 2.0‒6.4 months) in the VEGFRi 
group (Table S3). PR was observed in two patients in 
the combination group (ORR: 3.7%) but in no patients 
in the VEGFRi group (ORR: 0%). The DCR of the 
combination group was significantly higher than that 
of the VEGFRi group (66.7% vs. 28.1%, P=0.0012; 
Fig. 1b). For the survival comparison between the two 
groups, the combination group showed a longer median 
PFS (4.4 vs. 2.0 months, P=0.0024; Fig. 1c) and OS 
(10.2 vs. 5.2 months, P=0.0038; Fig. 1d). Considering 
the differentiation of targets between fruquintinib and 
regorafenib, we compared the outcomes of anti-PD-1 
antibody plus fruquintinib, anti-PD-1 antibody plus 
regorafenib, and the VEGFRi group separately, and 
we found that the treatment response and survival 
between the anti-PD-1 antibody plus fruquintinib and 
anti-PD-1 antibody plus regorafenib groups were com‐
parable, while both were superior to those of the 
VEGFRi group, verifying the reliability of our results 
(Fig. S3). In addition, the subgroup analysis revealed 
an improved survival benefit for anti-PD-1 antibody 
plus VEGFRi combination, therapy when patients 
were stratified into major subgroups based on differ‐
ent clinical characteristics, such as age≥54 years, being 
male, an ECOG of 1, the right side of the primary 
tumor, ≤2 metastatic sites, and lung metastasis (Figs. 1e 
and 1f).

Treatment-related AEs of any grade were reported 
equally between the two groups, including 52 patients 
(96.3%) in the combination group and 30 patients 
(93.8%) in the VEGFRi group (P>0.99; Table S4). 
Therein, Grade 3 AEs were reported in 16 patients 
(29.6%) in the combination group and 8 patients (25%) 
in the VEGFRi group (P=0.91). The most common 
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AEs in two groups were fatigue (32 (50.0%) in the 
combination group and 15 (46.9%) in the VEGFRi 
group) and proteinuria (25 (46.3%) in the combination 
group and 12 (37.5%) in the VEGFRi group) (Fig. 1g). 
In addition, a total of six patients in the combination 
group (9.4%) experienced immune-related AEs includ‐
ing pneumonia, myocarditis, and thyroiditis, and all 
patients resumed treatment after AEs solved. Overall, 
the above results demonstrated that immunotherapy 
combined with anti-angiogenic therapy exhibited 
robust anti-tumor activity and improved the clinical 
outcomes of MSS CRC patients with manageable tox‑
icity. Hence, we further investigated the particular TME 
immune characteristics of MSS CRC patients and 
identified potential subsets suitable for immunotherapy.

3.3 Single-cell transcriptomic atlas in the MSS CRC 
tumor immune microenvironment

Since immune cells are major effectors in immuno‐
therapy, we first re-clustered lymphocytes (T/B/plasma 
cells) in scRNA-seq data and identified 14 cell subtypes 
(Figs. 2a and S2d, Table S5). Based on cell proportion 
and tissue distribution preference analyses, naive CD4+ 
T (CD4T_naive), regulatory CD4+ T (CD4_Treg), 
CD4+ Th17 (CD4_Th17), exhausted CD8+ T (CD8T_ 
exhausted), cytotoxic CD8+ T (CD8T_cytotoxic), pro‐
liferated CD8+ T (CD8T_plf), natural killer (NK) cells, 
and immunoglobulin G (IgG) plasma cells (Plasma_ 
IgG) showed a strong distribution preference in MSS 
tumors (Figs. 2b and 2c, Table S6). In addition, cell-
chat analysis revealed that naive CD4+ T, exhausted 
CD8+ T, and epithelial cells had more communica‐
tions with other cells in MSS tumors (Fig. 2d). We next 
explored the dynamic immune states and cell transi‐
tions in MSS CRC-infiltrated CD4+ T and CD8+ T cells 
by inferring the state trajectories. Pseudotime analysis 
showed that naive CD4+ T cells were at the beginning 
of the trajectory path, whereas several CD4+ Th17 cells 
and most regulatory CD4+ T cells were at a terminal 
state (Fig. 2e). Similarly, we also found that the prolif‐
erated CD8+ T cells primarily aggregated at the initi‑
ation of the pseudotime trajectory, and exhausted CD8+ 
T and cytotoxic CD8+ T cells were located in different 
directions (Fig. 2f). The trajectory information indi‐
cated the different functional divergence of T cells in 
the MSS tumor; accurately identifying the MSS sub‐
type with activated immune and transcriptional states 
may help to expand immunotherapy candidates.

Similarly, we re-clustered myeloid cells and iden‐
tified nine cell subtypes, of which classical monocytes 
and intermediate monocytes were considered MSS 
tumor-enriched cell subtypes (Figs. 2g‒2i and S2e, 
Tables S7 and S8). Additionally, a wider crosstalk be‐
tween monocytes and other cells was observed in MSS 
tumors through cell-chat analysis (Fig. 2j). Furthermore, 
the pseudotime trajectory displayed a distinct distribu‐
tion of monocyte subclusters (Fig. 2k). Collectively, 
we deciphered the cellular composition, interaction, and 
transition of the tumor immune environment in MSS 
CRC at single-cell resolution, which helped us to deeply 
understand the immune characteristics and identify 
different subtypes of MSS tumors.

3.4 Spatial and peripheral blood single-cell 
transcriptomic landscape in MSS CRC

Given the complexity of TME structure, we sub‐
sequently analyzed CRC spatial transcriptomic data to 
explore the spatial distribution of different immune 
cells. We first used the unsupervised clustering method 
to classify the spatial spots into different clusters, and 
then identified distinct regions, including normal epi‐
thelial, hepatocyte, tumor, stromal, and immune cell 
regions, according to H&E staining sections and the 
integration of previous scRNA-seq annotation data 
(Figs. 3a, S1a, and S4a). Notably, owing to a spatial 
spot containing approximately ten cells, we observed 
several cell types colocalized at the same spots in some 
regions, such as malignant/immune cells, immune/
stromal cells, and malignant/stromal cells, indicating 
physical interactions between these cell types. Fur‐
thermore, we quantified the spatial distribution of MSS 
tumor-enriched immune cell subtypes based on their 
DEGs and well-known marker genes from previous 
scRNA-seq results (Figs. 3a and S4a, Tables S5 and S7). 
In primary tumors, we found that T, NK, and plasma 
cells were distributed locally in the stromal region and 
surrounded by abundant fibroblasts or lamina propria, 
suggesting that these effective immune cells were dif‐
ficult to infiltrate into the tumor parenchyma (Fig. 3a). 
By contrast, monocytes were more widely enriched in 
tumor regions, as shown by cell-chat results of extensive 
interaction between monocytes and tumor cells (Fig. 2j). 
These results demonstrated significant spatial intra-
tumoral immune infiltration heterogeneity in MSS CRC.

Most TME-infiltrated immune cells are derived 
from peripheral blood; therefore, we also analyzed the 
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Fig. 2  Single-cell transcriptomic atlas in MSS CRC tumor immune microenvironment. (a, g) tSNE plots of lymphoid-derived (a) 
and myeloid-derived (g) cell subtypes of CRC patients. Each cluster is color-coded according to cell type. Cluster 
annotations and comparisons of proportions are indicated in the figure. (b, h) Boxplots of lymphoid-derived (b) and 
myeloid-derived (h) cell subtype fractions in MSI, MSS, and normal tissues (Kruskal-Wallis test; *P<0.05, **P<0.01, 
***P<0.001, ****P<0.0001; ns: not significant). (c, i) Heatmaps showing the odds ratio (OR) value of each lymphoid-derived (c) 
or myeloid-derived (i) cell subtype in MSI, MSS, and normal tissues. (d, j) Comparisons of cell‒cell communications of 
malignant epithelial and lymphoid-derived (d) or myeloid-derived (j) cell subtypes between MSS and MSI tumors by 
cell-chat analysis. Blue indicates a higher interaction weight in MSS tumor, and red indicates a higher interaction weight 
in MSI tumor. (e, f, k) Pseudotime analyses of CD4+ T cells (e), CD8+ T cells (f), and monocytes (k) from MSS CRC patients. 
CD4+ T cell, CD8+ T cell, and monocyte subtypes are labeled by colors. cm: central memory; plf: proliferated; rm: tissue-
resident memory; rtm: resident tissue; cDC: conventional dendritic cell; TAM: tumor-associated macrophage.
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scRNA-seq data from blood samples of CRC patients. 
After unsupervised clustering, we obtained a total of 
16 immune cell subtypes, and the majority of these cell 
types were consistent with our previously annotated 
cell types from MSS CRC (Figs. 2a, 2g, 3b, and 3c). The 
NK cells, monocytes, and naive and effector memory 
CD4+ T cells showed a strong distribution preference in 
the peripheral blood, while functional and terminally 
differentiated T cells and macrophages appeared to be 
enriched in the tissue, and the pseudotime trajectory 
also presented an immune cell differentiation trend 
from the peripheral blood to the tissue (Figs. 3d and 3e, 
Table S9). Interestingly, we found a significantly posi‐
tive correlation between the abundances of several 
immune cell subtypes, including naive CD4+ T, regu‐
latory CD4+ T, cytotoxic CD8+ T, CD4+ Th17, and B 
cells, in blood and tumor tissues (Figs. 3f and S4b). 
Therefore, we concluded that the content of these cell 
subsets in the peripheral blood could reflect the cell 
infiltration level in the TME, which provided the feasi‐
bility of liquid biopsy-based biomarker screening. Al‐
together, we comprehensively analyzed the immune 
characteristics of MSS CRC tumors from three dimen‐
sions including tissue spatial distribution and tissue 
and peripheral blood single-cell transcriptomics.

3.5 Identification of MSS CRC immune cell-related 
modules and hub genes

To further identify the MSS CRC immune cell-
related modules and hub genes, the WGCNA proced‑
ure was used to explore the gene modules related to 
three main MSS CRC-enriched immune cell types 
including T cells (composed of naive CD4+ T, regula‐
tory CD4+ T, CD4+ Th17, exhausted CD8+ T, cytotoxic 
CD8+ T, proliferated CD8+ T, and NK cells), plasma 
cells, and monocytes (composed of classical and inter‐
mediated monocytes). First, to obtain the signature of 
the three main immune cell types, we selected the top 
DEGs of each cell subtype from the scRNA-seq data as 

markers and then calculated the immune cell infil‐
tration level for each patient using the GSVA algorithm 
on the TCGA-CRC cohort (Tables S5 and S7). Obvi‐
ously, three signatures could properly represent the three 
main immune cell types, and the survival analysis 
showed that higher T and plasma cell infiltration and 
lower monocyte infiltration were associated with super‑
ior OS (Figs. 4a‒4f). We then set the soft threshold β 
as 9 (R2=0.908) to provide a suitable power value for 
co-expression network construction (Fig. S5a). Eighteen 
modules indicated by different colors were determined 
by dynamic tree (Fig. S5b). In addition, the correlations 
between modules and the infiltration of three immune 
cell types were calculated. Interestingly, we observed 
that the dark green module had the highest correla‐
tion with the infiltration of all three immune cell 
types in the module–trait relationship (Fig. 4g). In this 
module, the correlation coefficients between GS and 
MM reached 0.69, 0.67, and 0.82, suggesting a good 
quality of module construction (Figs. 4h‒4j). To iden‐
tify the hub genes derived from the infiltration of three 
immune cell types within the dark green module, 816 
genes with GS>0.5 and MM>0.6 were considered 
hub genes. With the intersection of DEGs of MSS 
CRC-enriched immune cell subtypes from scRNA-seq 
data, a total of 108 overlapping genes were extracted 
for subsequent analyses (Fig. 4k).

3.6 Construction of MCICRS

Based on the expression profiles of 108 MSS CRC 
immune cell-related genes, we performed multivariate 
Cox regression analysis to identify prognostic genes, 
adjusting for age, gender, and TNM stage. To ensure 
the stability of OS-related genes, we used the random-
effects model of systematic meta-analysis to pool the 
HR values of 108 hub genes in three independent 
MSS CRC cohorts (TCGA-CRC (n=418), GSE39582 
(n=459), and GSE41258 (n=137)). Finally, we obtained 
39 stable and significant prognostic immune cell-related 

Fig. 3  Spatial and peripheral blood single-cell transcriptomic landscape in MSS CRC. (a) The H&E staining sections, 
unsupervised clustering analysis, and MSS CRC-enriched immune cell distribution of spatial transcriptomic data from 
two CRC patients with primary tumors and liver metastasis (LM) (CRC-1P, CRC-2P, LM-1P, and LM-2P). (b) tSNE plot 
of immune cell subtypes of CRC patients. (c) tSNE plot of immune cell subtypes from the tumor, normal, and peripheral 
blood samples of CRC patients. Each cluster is color-coded according to cell type. Cluster annotations and comparisons 
of proportions are indicated in the figure. (d) Heatmap showing the odds ratio (OR) value of each immune cell subtype 
in the tumor, normal, and peripheral blood samples of CRC patients. (e) Pseudotime analysis of CD4+ T cells from MSS 
CRC patients. CD4+ T cell subtypes are labeled by color. (f) Pearson correlation of MSS CRC-enriched immune cell type 
proportions in tumor and peripheral blood samples. TAM: tumor-associated macrophage; cDC: conventional dendritic 
cell; em: effector memory; fh: follicular helper; plf: proliferated; rm: tissue-resident memory.
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genes for MSS CRC patients (meta-P<0.001; Fig. 5a). 
Thirty-nine genes were then subjected to the machine 
learning-based integrative procedure to develop an 
MCICRS. Based on ten machine learning algorithms, 
we fitted a total of 96 kinds of prediction models with 
10-fold cross-validation, and calculated the C-index 
of each model across the TCGA-CRC training dataset 
and three independent validation datasets (GSE39582 
(n=459), GSE39084 (n=54), and GSE41258 (n=137)). 

Here, we found that the combination of RSF and step‐
wise Cox (direction=forward) algorithms had the best 
performance with the highest average C-index (0.681) 
in all datasets (Fig. 5b, Table S10). A final set of 13 
top genes was filtrated in the RSF model and then 
subjected to the stepwise Cox proportional hazards 
regression model to obtain their corresponding re‐
gression coefficients (Figs. 5c‒5e). Next, based on the 
expression of 13 genes weighted by their regression 

Fig. 4  Identification of MSS CRC immune cell-related modules and hub genes. (a, c, e) The overall survival (OS) analysis 
for the MSS TCGA-CRC cohort with the infiltration levels of different T cells (a), plasma cells (c), and monocytes (e) (log-rank 
test). (b, d, f) The expression levels of T cell (b), plasma cell (d), and monocyte (f) signatures in the tSNE plots. (g) Correlation 
analyses between Module Eigengenes (MEs) and immune infiltration of T cell, plasma cell, and monocyte. (h‒j) The high 
correlations between gene significance (GS) values of T cell (h), plasma cell (i), and monocyte (j) and module membership 
(MM) in the darkgreen module. Dots within the red rectangle were defined as immune cell-related genes, with both high GS 
and MM. (k) Overleaping of immune cell-related genes between WGCNA and scRNA-seq data. r: correlation coefficient.
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coefficients, we calculated the MCICRS for each MSS 
CRC patient, and assigned them to the high- and 
low-MCICRS groups according to the optimal cut-off 
value. In the TCGA-CRC cohort, patients with a low 
MCICRS had a significantly prolonged OS (P<0.05), 
and the multivariate Cox regression analysis indicated 
that MCICRS was an independent and significant risk 
factor for OS after adjusting for age, gender, metasta‐
sis, and TNM stage (Figs. 5f and 5g). In addition, 
we evaluated the predictive value of MCICRS for OS 
and RFS in all six GEO datasets and the GEO-meta 
cohort, and found the same trend (Figs. 5h, 5i, and S6). 
Moreover, we compared the performance of MCICRS 
with that of other existing signatures from published 
literature and prior research and, ultimately, 104 sig‐
natures associated with various biological processes 
were enrolled, including immune response, autophagy, 
and epithelial–mesenchymal transition (Table S11). 
Based on univariate Cox regression, we compared the 
C-index of MCICRS with that of other signatures 
across four datasets. Notably, MCICRS displayed a 
better performance than most other signatures in the 
three datasets except GSE39084, which demonstrated 
the stability of MCICRS (Fig. S7).

3.7 Immune infiltration characteristics of MCICRS 
and its implication in immunotherapy

Since the construction of MCICRS is based on 
immune cell-related genes, we assumed that there 
existed distinct immune characteristics between the 
high- and low-MCICRS groups, which may explain 
their prognostic differences. According to the ssGSEA 
method, we found higher infiltration abundances of 
28 immune cells in the low-MCICRS group (Fig. 6a). 
To ensure that the assessments were not biased by the 
single algorithm, five other methods, including EPIC, 
MCP-counter, quanTIseq, TIMER, and xCell, were used 
to verify the stability and robustness of the ssGSEA 
results (Fig. S8). In addition, the ESTIMATE method 
also showed a higher immune score in the low-MCICRS 

group (Fig. 6b). Furthermore, GSEA and GSVA ana‑
lyses demonstrated that several immune-related path‐
ways, such as cytokine, chemokine, tumor necrosis 
factor α (TNFA), and interferon signaling pathways, 
were activated in the low-MCICRS group (Figs. 6c and 
6d). In addition, scatter plots of MCICRS and CD274 
demonstrated a positive correlation in the scRNA-seq 
data (Fig. S9a). We also calculated the MCICRS score 
of each spot in the spatial transcriptomic data, and found 
a consistent spatial distribution with the immune cells 
(Fig. S9b). We also used proteomap, a graphical tool 
to quantitate and visualize the composition and func‐
tion of proteomes, to compare the differences between 
the high- and low-MCICRS groups. Interestingly, the 
pattern of the proteomap in the low-MCICRS group 
showed a higher enrichment of proteins related to the 
JAK/signal transducer and activator of transcription 
(STAT), cytokine–cytokine receptor interaction, and 
nuclear factor-κB (NF-κB) and tumor necrosis factor 
(TNF) signaling pathways compared with the high-
MCICRS group (Fig. 6e). Collectively, these results 
confirmed an activated immune status in low-MCICRS 
patients; hence, we inferred that MCICRS could predict 
immunotherapy effects in MSS CRC. The GSE179351 
study evaluated the efficacy of combining radiation, 
ipilimumab, and nivolumab in MSS CRC patients 
(Parikh et al., 2021). After applying the MCICRS to 
the RNA-seq data from pre-treatment biopsy samples, 
we observed prolonged OS in low-MCICRS patients, 
although the statistical difference was not significant 
because of the small sample size (Fig. 6f). Furthermore, 
we enrolled 22 public immunotherapy cohorts with 
treatment response or survival data to assess the pre‐
dictive value of MCICRS in immunotherapy across 
pan-cancer types using a systematic meta-analysis. 
Strikingly, we observed that a higher MCICRS was 
significantly associated with the progression of treat‐
ment response and dismal survival when the OR and 
HR values of each cohort were pooled in the random-
effects model, indicating that MCICRS was a reliable 
biomarker for immunotherapy (Figs. 6g and 6h).

Fig. 5  Construction of MSS CRC immune cell-related signature. (a) Forest plot showing the pooled hazard ratio (HR) 
from meta-analysis of prognostic immune cell-related genes. (b) A total of 96 kinds of prediction models based on 
machine learning methods and further calculations of the C-index of each model across the training and validation 
datasets. (c, d) The number of trees for determining the minimal error (c) and importance (d) of the 13 most valuable 
genes based on the random survival forest (RSF) algorithm. (e) Coefficients of 13 genes finally obtained in the stepwise 
Cox regression model. (f) Overall survival (OS) analysis according to MCICRS for the TCGA-CRC cohort (log-rank 
test). (g) Multivariable Cox regression analysis indicates that MCICRS is an independent risk factor for OS in the 
TCGA-CRC cohort. (h) OS analysis according to MCICRS for the GEO-meta cohort (log-rank test). (i) RFS analysis 
according to MCICRS for the GEO-meta cohort (log-rank test). VIMP: variable importance.
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3.8 Validation of MCICRS in clinical outcomes of 
in-house immunotherapy cohort

To further validate the prognostic value of 
MCICRS in MSS CRC patients receiving immuno‐
therapy, we first calculated the MCICRS in 38 508 cells 
from 19 MSS CRC tumor samples at single-cell reso‐
lution. Surprisingly, the MCICRS value was higher in 
myeloid cells but lower in T and B cells, indicating 
that high lymphocyte counts and low myeloid cell 
counts in patients may be associated with superior sur‐
vival (Figs. 7a and 7b). In addition, the majority of 
TME-enriched immune cells were derived and differ‐
entiated from peripheral blood immune cells, and the 
abundances of these cell types between blood and tumor 
tissues had a positive correlation (Fig. 3f). Therefore, 
we considered that peripheral blood lymphocytes 
and monocytes could reflect the infiltration of TME 
immune cells and serve as biomarker candidates for 
MSS CRC patients receiving immunotherapy. Here, we 
detected the peripheral blood lymphocyte and mono‐
cyte counts of 54 MSS CRC patients at the initiation 
of immunotherapy via a hematology analyzer. Like‐
wise, we found that patients with more lymphocytes 
and fewer monocytes exhibited a better treatment 
response (PR and SD) and preferable PFS (Figs. 7c‒7g). 
After adjusting for confounding factors, including age, 
gender, ECOG performance status, primary tumor 
location, lung metastasis, and liver metastasis, the lym‐
phocyte and monocyte counts remained statistically 
significant for PFS, supporting the supposition that 
these two immune cell types were independent pre‐
dictors for immunotherapy in MSS CRC patients 
(Fig. 7h). Finally, we developed a nomogram based on 
lymphocytes, monocytes, and three significant clinical 
characteristics in a multivariable Cox model with 
excellent predictive accuracy: the AUCs for predicting 
PFS at 6, 12, and 18 months were 0.798, 0.797, and 
0.845, respectively (Figs. 7i and 7j).

4 Discussion 

In this study, we confirmed the improved effi‐
cacy and survival benefit of an anti-PD-1 antibody 
combined with VEGFRi in MSS CRC patients, with 
manageable toxicity. Based on CRC scRNA-seq and 
spatial transcriptomic data, we comprehensively deci‐
phered the cell composition, interaction, differentiation, 
and spatial distribution characteristics, and further 
identified MSS CRC-enriched immune cell subtypes. 
Through a machine learning-based integration, MCICRS 
was developed to accurately predict the efficacy and 
clinical outcomes for MSS CRC patients receiving 
immunotherapy.

VEGF-driven angiogenesis affects immune sup‐
pression at many different levels, including inhibiting 
the antigen-presenting cells (APCs) and effector T cells 
while augmenting the expansion of immune suppres‐
sive cells such as Tregs and MDSCs (Rahma and Hodi, 
2019). Emerging evidence indicates that the com‐
bination of immunotherapy and anti-angiogenic agents 
could reverse the immune suppression driven by 
VEGF-related pathways in melanoma, renal cell carcin‑
oma, non-small cell lung cancer, and hepatocellular 
carcinoma (Hodi et al., 2014; McDermott et al., 2018; 
Socinski et al., 2018; Finn et al., 2020). However, the 
application of this combination strategy is limited in 
clinical practice for MSS CRC patients. Recently, three 
clinical trials, including regorafenib plus nivolumab 
in patients with advanced gastric or colorectal cancer 
(REGONIVO), regorafenib-avelumab combination in 
patients with microsatellite-stable colorectal cancer 
(REGOMUNE), and Kim group’s study, presented en‐
couraging anti-tumor activity of regorafenib combined 
with nivolumab or avelumab (anti-PD-L1 antibody) 
in MSS CRC, with DCRs ranging from 54% to 86% 
(Fukuoka et al., 2020; Cousin et al., 2021; Kim et al., 
2022). Mechanically, our scRNA-seq and spatial tran‐
scriptomic data demonstrated a complex interaction 

Fig. 6  Immune infiltration characteristics of MCICRS and its implication in immunotherapy. (a) The infiltration abundances 
of 28 immune cell subsets evaluated by ssGSEA for the low-MCICRS and high-MCICRS groups. (b) The distribution of 
immune score inferred by the ESTIMATE algorithm between the low-MCICRS and high-MCICRS groups (Wilcoxon test). 
(c, d) GSEA enrichment analysis (c) and GSVA analysis (d) showing the activation status of immune-related pathways in 
the low-MCICRS group. (e) Online proteomaps analysis showing the Kyoto Encyclopedia of Genes and Genomes 
(KEGG) pathway activation between the low-MCICRS and high-MCICRS groups. (f) Overall survival (OS) analysis 
according to MCICRS for MSS CRC patients receiving immunotherapy (log-rank test). (g, h) Meta-analysis showing that 
a high MCICRS is significantly associated with the progression (g) and inferior survival (h) of immunotherapy response 
across pan-cancer types.
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Fig. 7  Validation of MCICRS in clinical outcomes of in-house immunotherapy cohort. (a) The MCICRS level across main 
cell types of CRC in tSNE plot. (b) Comparison of MCICRS between myeloid cells and T and B/plasma cells (Wilcoxon 
test). (c, d) Comparisons of peripheral blood lymphocytes (c) and monocytes (d) between the partial response (PR)+stable 
disease (SD) group and the progressive disease (PD) group for MSS CRC patients receiving immunotherapy (t-test). 
(e‒g) Progression-free survival (PFS) analysis according to lymphocyte (c), monocyte (d), and both (g) counts for MSS 
CRC patients receiving immunotherapy (log-rank test). (h) Multivariable Cox regression analysis indicates that the high 
lymphocyte and low monocyte counts are two independent factors for superior overall survival (OS) in MSS CRC 
patients receiving immunotherapy. (i) Nomogram for predicting progression probability for MSS CRC patients receiving 
immunotherapy. (j) Time-dependent receiver operating characteristic (ROC) analysis for predicting PFS at 6, 12, and 
18 months for MSS CRC patients receiving immunotherapy.
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between VEGF-driven angiogenic signaling and im‐
mune checkpoint-related immunosuppression, shown 
by the co-localization of VEGFB+ myeloid cells and 
exhausted CD8+ T cells, which provided a theoretical 
basis for the potential effect of an immunotherapy and 
anti-angiogenic therapy combination. As expected, our 
retrospective study also manifested an improved clinical 
benefit of anti-PD-1 antibody plus VEGFRi treatment. 
For MSS CRC patients treated with combination ther‐
apy, we observed 63% of DCR, 4.4 months of median 
PFS, and 10.2 months of median OS, which were highly 
consistent with the results of REGOMUNE (53% of 
DCR, 3.6 months of median PFS, and 10.8 months of 
median OS) and Kim group’s study (63% of DCR, 
4.3 months of median PFS, and 11.1 months of median 
OS) (Cousin et al., 2021; Kim et al., 2022). These out‐
comes were all inferior to those of the REGONIVO 
study; the main reasons we considered were shown 
below. First, more than 70% of the patients in our 
study had liver metastasis compared with 50% of those 
in the REGONIVO study, which was an independent 
risk factor for CRC patients (Engstrand et al., 2018). 
Second, RAS mutation could impair the treatment 
effectiveness and prognosis of CRC and, in our study, 
the number of patients carrying the RAS mutation was 
almost twice that reported in the REGONIVO study 
(46.3% vs. 24.0%) (Karapetis et al., 2008). Third, the 
ECOG performance status of all patients in REGONIVO 
was 0, whereas that of half of the patients in this 
study was 2. In this current study, more than half of the 
patients with SD had a certain degree of tumor shrink‐
age, and these patients might achieve PR after receiving 
further cycles of treatment. In addition, in the survival 
analysis, anti-PD-1 antibody plus VEGFRi combin‑
ation brought about a 50% decrease in both disease pro‐
gression risk and death risk compared with VEGFRi 
alone. In addition, the treatment-related AE profile in 
this study was consistent with that reported in previous 
clinical trials (Fukuoka et al., 2020; Cousin et al., 2021; 
Kim et al., 2022), and the incidence rates between the 
combination and VEGFRi groups were similar across 
the majority of AEs. Based on the above results, we 
considered that anti-PD-1 antibody combined with 
VEGFRi presented better efficacy and controllable 
toxicity in MSS CRC compared with VEGFRi alone.

In most scenarios, only 20%–40% of patients re‐
sponded to immunotherapy and even fewer had long-
term disease remission. Therefore, a biomarker-based 

guide to identify subsets who could benefit from im‐
munotherapy is vitally critical. Currently, PD-L1 ex‐
pression is the most widely accepted biomarker for 
guiding the selection of patients to receive anti-PD-1 or 
anti-PD-L1 antibody (Doroshow et al., 2021). However, 
REGONIVO did not observe a clear relationship 
between PD-L1 expression and efficacy outcomes in 
MSS CRC and, therefore, additional analyses were 
necessary to clarify the optimal patient population for 
immunotherapy (Fukuoka et al., 2020). In consider‐
ation of the fact that TME-infiltrated immune cells are 
the main effectors of immunotherapy, in this study, we 
identified ten MSS CRC-enriched immune cell subtypes 
and their spatial distribution, including naive CD4+ T, 
regulatory CD4+ T, CD4+ Th17, exhausted CD8+ T, cyto‐
toxic CD8+ T, proliferated CD8+ T, NK, and IgG plasma 
cells, and classical and intermediate monocytes, through 
scRNA-seq along with spatial transcriptomic data. In 
addition, through WGCNA and marker genes of these 
MSS CRC-enriched immune cell subtypes, we iden‑
tified MSS CRC immune cell-related hub genes. Based 
on the expression profile of hub genes, we first deter‐
mined 39 stable prognostic genes via meta-analysis in 
three independent cohorts. Then, a total of 96 kinds of 
prediction models were fitted in the TCGA-CRC train‐
ing set and three validation sets. After calculating the 
C-index across all four datasets, we obtained the opti‐
mal model of a combination of RSF and stepwise Cox 
(direction=forward) algorithms, and further developed 
the MCICRS. Based on a variety of machine learning 
methods, the integrative procedures used in this study 
presented the advantage of a fitting prognostic model 
for MSS CRC, and method combinations could further 
reduce the dimensionality of variables, making the 
model more simplified and translational. The following 
analyses proved that a higher MCICRS was a delete‐
rious indicator of OS and RFS in MSS CRC patients, 
with inferior immune infiltration and immune-related 
pathway activity. The meta-analysis of pan-cancer im‐
munotherapy also demonstrated that MCICRS main‐
tained high accuracy and stable performance in pre‐
dicting immunotherapy efficacy and survival, indicating 
a great potential for the clinical application of MCICRS.

Several hub genes of MCICRS have been re‐
ported to relate to the efficacy of immunotherapy. For 
example, S100A12 is an S100/calgranulin protein, and 
its high expression has been proven to correlate with 
the survival of patients with human papillomavirus 
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(HPV)-negative hypopharyngeal squamous cell carcin‑
oma receiving immunotherapy (Mints et al., 2021). 
MS4A4A is a member of the membrane-spanning 4A 
family and is selectively highly expressed in tumor-
associated macrophages, which can regulate the immune 
escape of tumor cells by promoting M2 polariza‐
tion of macrophages by activating the phosphoinosi‑
tide 3-kinase (PI3K)/protein kinase B (AKT) and JAK/
STAT6 pathways (Li et al., 2023). A previous study 
demonstrated that GZMK + effector memory T cells and 
CXCL13+BHLHE40+ TH1-like cells were preferentially 
enriched in MSI-H CRC, which explained their favor‐
able responses to immunotherapy (Zhang et al., 2018). 
APOBEC3A is a member of the apolipoprotein B 
messenger RNA (mRNA)-editing, enzyme-catalytic, 
polypeptide-like 3 family and plays an important role in 
the innate immune response, and a higher enrichment 
score of APOBEC3A mutagenesis correlates with favor‐
able prognosis, immune activation, and potential immu‐
notherapy response in bladder cancer (Shi et al., 2022). 
The glycoprotein CD2 is a costimulatory receptor 
expressed mainly on T and NK cells, and plays an 
important role in the formation and organization of the 
immunological synapse. The interaction of CD58 and 
CD2 is required for anti-tumor immunity and is pre‐
dictive of the immunotherapy response; defects in this 
axis promote immune evasion through diminished T 
cell activation and impaired intra-tumoral T cell infiltra‐
tion and proliferation, and concurrently increase PD-L1 
protein stabilization (Ho et al., 2023). A previous study 
also revealed that CXCL9 was significantly upregulated 
following dual PD-1/CTLA4 blockade (House et al., 
2020). Our research demonstrated that those immune-
related genes are associated with the survival of CRC, 
and are potential biomarkers of immunotherapy.

Peripheral blood-derived biomarkers have the 
advantage of being non-invasive and easily accessible 
compared with tissue biopsy (Zhou et al., 2022). To 
further validate and expand the implementation of 
MCICRS, we identified a higher MCICRS in mono‐
cytes while a lower MCICRS in lymphocytes at single-
cell resolution. Additionally, in a house cohort of MSS 
CRC patients treated with immunotherapy, we veri‐
fied that patients with higher lymphocyte and lower 
monocyte counts exhibited a better treatment response 
and preferable PFS, suggesting that the content of both 
immune cell types could reflect the MCICRS level and 
be favorable surrogates for routine immunotherapy 

biomarkers like PD-L1 expression. The above results 
transferred the MCICRS model into peripheral blood 
lymphocyte and monocyte abundance, making it easily 
available in clinical practice to expand its usage, and 
validated it as a potential candidate biomarker for 
selecting suitable MSS CRC patients who could benefit 
from immunotherapy.

There are several limitations of this study that 
need to be acknowledged. First, it was a retrospective 
study with a small sample size. A prospective study 
with large populations is necessary to further evaluate 
the efficacy and safety of the anti-PD-1 antibody and 
VEGFRi combination in MSS CRC. Second, owing 
to the restriction of tissue samples, we could not assess 
the MCICRS for each MSS CRC patient. Our future 
prospective study would collect tissue samples and 
validate the predictive value of MCICRS. Finally, the 
detailed functions of the constituent genes of MCICRS 
in CRC need to be revealed in further in vivo and 
in vitro experiments.

5 Conclusions 

In conclusion, anti-PD-1 antibody combined with 
VEGFRi presented improved efficacy and survival in 
MSS CRC patients with manageable toxicity. Based on 
analyses of scRNA-seq, spatial transcriptomic data, and 
machine learning algorithms, we developed a stable 
and powerful signature for accurately assessing the 
efficacy and prognosis of MSS CRC patients receiv‐
ing immunotherapy, which could be a promising tool 
for optimizing decision-making for individual patients.
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