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Abstract

Purpose Tumor microenvironment (TME) affects the progression of rectal cancer (RC), and the clinical relevance of its
immune elements was widely reported. Here we aim to delineate the complete TME landscape, including non-immune fea-
tures, to improve our understanding of RC heterogeneity and provide a better strategy for precision medicine.

Methods Single-cell analysis of GSE161277 using Seurat and Cellcall was performed to identify cell-cell interactions. The
ssGSEA was employed to quantify the TME elements in TCGA patients, which were further clustered into subtypes by
hclust. WGCNA and LASSO were combined to construct a degenerated signature for prognosis, and its performance was
validated in two GEO datasets.

Results We proposed a subtyping strategy based on the abundance of both immune and non-immune components, which
divided all RC patients into 4 subtypes (Immune-, Canonical-, Dormant- and Stem-like). Different subtypes exhibited
distinct mutation landscapes, biological features, immune characteristics, immunotherapy responses and prognoses. Next,
WGCNA and LASSO regression were combined to construct a 10-gene signature based on differentially expressed genes
among different subtypes. Subgroups divided by this signature also exhibited different clinical parameters and responses to
immune checkpoint blockades. Diverse machine learning algorithms were applied to achieve higher accuracy for survival
prediction and a nomogram was further established in combination with M stage and age to provide an accurate and visual
prediction of prognosis.

Conclusions We identified four TME-based RC subtypes with distinct biological and clinical features. Based on those sub-
types, we also proposed a degenerated 10-gene signature to predict the prognosis and immunotherapy response.

Keywords Rectal cancer - Tumor microenvironment - Prognosis - Immunotherapy

1 Introduction

Rectal cancer (RC) is one of the most common cancers, rank-
ing 8th in incidence and 9th in cancer-related deaths world-
wide [1]. Recently, advanced treatment approaches such as
neoadjuvant therapy, precise surgery and immunotherapy
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have been emerging [2], increasing the 5-year recurrence-
free survival (RFS) rate of RC to almost 70% [3]. How-
ever, owing to the heterogeneity of RC, there are still
ample patients who fail to obtain a correct prognosis [4].
The clinical decision-making process is largely dependent
on meticulous pathological scrutiny, i.e., the tumor-node-
metastasis (TNM) staging system [2]. The TNM classifica-
tion determines whether a RC patient will be suitable for
surgery or benefit from chemotherapy [5]. However, this sys-
tem only provides information on the anatomical regions of
the lesions and the degrees of malignancy. Since it contains
little information on the molecular basis of the tumor, the
TNM staging system is far from satisfactory to suit various
comprehensive RC treatment options.

The tumor microenvironment (TME) represents a com-
plicated heterogeneous mixture of malignant cells and non-
malignant components [6]. It is widely reported that TME
components affect cancer cell survival, metabolism, local
invasion and metastatic dissemination. Tumor-associated
macrophages (TAMs), for example, provide malignant cells
with nutrition to shield them against anticancer therapies
[7]. Dendritic cells (DCs) initiate anticancer responses as
professional antigen-presenting cells [8]. Cancer-associated
fibroblasts (CAFs) secrete pro-tumor factors and remodel the
extracellular matrix to support cancer stemness [9]. Hence,
the presence and abundance of different TME components
may serve as prognostic indicators and for the prediction of
chemotherapy and immunotherapy responses [10—14].

Recently, various cancer subtyping strategies have been
proposed based on immune cell infiltration to provide a pre-
cise prediction of prognosis [15-19]. However, non-immune
cells in the TME were largely neglected in these studies,
even though cross-talk among cancer cells, infiltrated
immune cells and other stromal components have already
been identified as vital biological processes during tumor
development, progression and metastasis. Specific clusters
of endothelial cells and fibroblasts have, for instance, been
found to promote tissue remodeling and angiogenesis in lung
adenocarcinoma [20]. Moreover, CAFs have been shown to
promote dysregulated metabolism of breast cancer cells [21].
Thus, we believe that integration of the complete TME land-
scape will enhance our understanding of cancer heterogene-
ity and help to improve its treatment.

In this study, we show that the abundance of stromal and
epithelial cells and their interactions with immune cells may
serve as potential prognostic indicators, underscoring the
crucial role of non-immune components in tumor progres-
sion. Based on different compositions of the TME, we have
divided all RC patients into four subtypes, i.e., the Immune
subgroup, the Canonical subgroup, the Stem-like subgroup
and the Dormant subgroup. We found that the different RC
subtypes not only possessed different mutation profiles and
different activated signaling pathways, but also indicated
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different prognostic tendencies. To construct a simple and
effective TME prognostic model, we established a workflow
to screen for TME prognostic genes with high efficiency and
orthogonality by integrating WGCNA and LASSO. With
the help of clinical information and machine learning algo-
rithms, we have largely boosted the prognostic capability of
the model and as well as its ability to predict immunotherapy
responses, and visualized it in a nomogram.

2 Materials ad methods
2.1 Study design

A schematic workflow of this study is depicted in Fig. 1A.
First, we evaluated the cellular interactions between immune
and non-immune cells on colorectal cancer (CRC) tissues
and revealed their correlation with prognosis. Subsequently,
we identified four distinctive microenvironment subtypes
from all RC patients and revealed their biological features.
Next, we generated a concise signature based on differences
in microenvironmental features by WGCNA and LASSO
regression. Subsequently, we tested this degenerated subtyp-
ing system in different datasets and validated the differences
in clinical outcomes, mutational features and microenviron-
mental levels between different subgroups.

2.2 Single-cell sequencing data analysis

Single-cell RNA sequence data from the GEO (https://www.
ncbi.nlm.nih.gov/geo/) database (i.e., GSE161277) was
employed to reveal interactions between each cell category.
Four carcinoma tissues (i.e., GSM4904234, GSM4904236,
GSM4904239, GSM4904245) with a RNA expression
matrix were processed using the Seurat R package. We set
the threshold at <25% mitochondrial genes and 200-5000
featured RNAs to exclude low-quality or biased cells. After
this, 12,228 cells remained for subsequent analysis. We
normalized the data and removed batch effects among dif-
ferent samples via the Seurat R package [22]. PCA (princi-
pal component analysis) was performed for dimensional-
ity reduction of the highly variable genes after which the
top 15 PCs were selected for graph-based cell clustering.
The t-distributed stochastic neighbor embedding (tSNE) R
package was employed to show cell distributions in a two-
dimensional space [23]. The SingleR package was employed
to annotate each cell type by corresponding featured genes
[24]. After cell annotation, we employed the Cellcall R pack-
age to investigate interactions among receptors, ligands and
transcription factors between different cells and revealed the
cancer signaling pathways involved in those cell-cell inter-
plays [25].
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Fig. 1 Graphic abstract. A. The outline of this study contains three
main parts: 1. Identification of four distinct microenvironmental sub-
types from all RC patients and their biological features; 2. Generation
of a concise signature based on the microenvironmental components
by a combination of WGCNA and LASSO regression; 3. Verification
of this degenerated signature from a multi-omics perspective in dif-

2.3 Data collection of bulk sequence data

RNA expression profiles and clinical information of 153 RC
patients from TCGA (https://portal.gdc.cancer.gov/cart) data-
base were selected as training dataset. Validation datasets
were obtained from the GEO database (i.e., GSE161158 and
GSE17537), which contains both mRNA expression profiles

/f?,//ff/f };);//f//?f e /6’/

ferent datasets. B. Two-dimensional tSNE plot identifying 6 distinct
cell type in GSE161277. C. Chord diagram showing ligand-receptor
interactions between each cell category. D. Bubble plot showing can-
cer signaling pathways affected by ligand-receptor interplays; the for-
mer cell categories at the bottom indicate the ligands and the latter
ones indicate the receptors

and clinical data of colorectal cancer patients. Somatic muta-
tion data of the RC patients were downloaded from TCGA,
and the mutation rate and the detailed mutational category
of the top 30 mutated genes were calculated. Evaluation
of immunotherapy responses was performed through the
IMvigor210 study, GSE78220, and immunophenoscores
(IPS) from TCIA databases [26, 27].
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2.4 TME scoring in RC patients

Featured markers of representative immune components
were obtained from a classic study (Tables 1 and S1) [28].
Other non-immune stromal cell markers were obtained from
the CellMarker website (http://biocc.hrbmu.edu.cn/CellM
arker/index.jsp) (Tables 1 and S1) [29]. Based on representa-
tive markers, we calculated enrichment levels of different
TME components via the GSVA R package, which was
deemed a popular algorithm for detecting pathway activities
and cell infiltrations [30]. To reveal distinctive TME char-
acteristics with clinical outcomes and biological features,
hierarchical clustering was performed to divide patients into
4 subgroups based on different TME scores. We adopted

tSNE for dimensional reduction and visualized the distribu-
tion of different samples in a two-dimensional image using
the tSNE R package. Correlations among different TME
cells were evaluated using Pearsons’ correlation coefficients.

2.5 Analysis of different TME subtypes

The Estimate R package was used to calculate the microen-
vironmental levels of each patient, including immune scores,
stromal scores, estimate scores and tumor purity scores [31].
Furthermore, representative markers of both TME-related
and DNA repair-associated pathways were obtained from
previous literature [26, 32], which were employed to validate
the TME homeostasis and genomic stability among different

Table 1 Sources of representing

T
TME components pe

ID

Main Reference

Immune components

Non-immune Stromal cells

Epithelial cells

APC co inhibition

Immunity, 2013; 39: 782

APC co stimulation
B cells

CCR

CD8+ T cells
Cytolytic activity
DCs

HLA
Macrophages
Mast cells

MHC class I
Neutrophils

NK cells

T helper cells
Th2 cells

TIL

Treg

Type I IFN Response

Type I IFN Response

Basal cell

Nucleic Acids Res, 2019; 47(D1): D721

Endocrine cell
Fibroblast
Mesenchymal cell
Myofibroblast
Pericyte

Platelet

Stem cell

Vascular endothelial cell

Cancer stem cell

Nucleic Acids Res, 2019; 47(D1): D721

Enteroendocrine cell
Goblet cell

Goblet progenitor cell
Paneth cell

Cancer stem like cell

Cancer cell
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subgroups (Tables S2 and S3). The Survival R package was
employed for survival analysis. To identify specific genes
in each subgroup, the limma R package was employed for
performing differential analysis between subgroup 2 and the
other 3 subgroups. llog,™ <hane¢| > (585 and FDR < 0.05
were used as thresholds to identify differentially expressed
genes (DEGs). Cox regression analysis was performed on
the DEGs to identify prognostic genes. The GSEA R pack-
age was employed to investigate different molecular func-
tions and pathways associated with specific subgroups.

2.6 Prognostic TME-featured gene-based modeling

The WGCNA R package was employed to divide all DEGs
into different modules and to calculate correlations between
distinct modules with different TME cells and clinical
parameters [33]. To reveal connections among all prognos-
tic genes in different modules, we calculated correlations
between the prognostic genes via Pearsons’ correlation coef-
ficients. Subsequently, we employed Cytoscape software to
depict an interaction network for the genes with a correla-
tion degree above 0.5. The clusterProfiler R package was
employed to perform functional enrichment analysis includ-
ing terms of Gene Ontology (GO) and Kyoto Encyclopedia
of Genes and Genomes (KEGG) in each module [34]. The
top 5 prognostic genes in each module were selected for
lasso regression to obtain the final gene signature.

2.7 Evaluation and validation of the degenerated
TME signature

To assess the predictive ability of this gene signature on
clinical characteristics and TME components, we divided
all RC patients into different risk groups by the median risk
score. Survival R package was employed to validate differ-
ences in the overall survival, disease-specific survival and
recurrence-free survival between high- and low-risk groups.
We further adopted the ROC curve and the calibration
curve for validation of the performance of the degenerated
TME signature. To obtain a better performance, different
machine learning algorithms, including SVM (support vec-
tor machine), RF (random forest) and LR (logistic regres-
sion) were used to improve the prediction of the signature.
Univariate and multivariate Cox prognosis analyses were
performed on this signature with other clinical parameters.
The limma R package was employed to evaluate correlations
between risk scores with different clinical parameters. The
pRRophetic R package was employed to predict chemothera-
peutic responses, and the IC50 differences suggested dif-
ferent drug sensitivities between high- and low-risk groups
[35]. TIMER (https://cistrome.shinyapps.io/timer/) was
employed to calculate the association between the infiltra-
tion of diverse immune cells and the levels of DEGS1 and

RRAGD. Moreover, the GSE161158 and GSE17537 data-
sets were used to validate the degenerated TME signature.

2.8 Construction of a nomogram based
on the degenerated TME signature

Firstly, we validated the prognostic value of this TME signa-
ture in subpopulations stratified by different clinical statuses
including age, gender and TNM stage. Next, we employed
the rms R package to depict a predictive nomogram con-
sisting of the prognostic signature and other independent
prognostic factors we identified [36]. We also depicted the
ROC curve and calibration curve for the evaluation of the
performance of the nomogram.

2.9 Statistical analysis

Computation and visualization of all data were implemented
by R (4.1.1 version) and cystoscope (3.7.0 version) soft-
ware. The detailed R packages used in each step are listed
above, and p <0.05 results were considered as statistically
significant. For multiple comparisons a false discovery rate
(FDR) < 0.05 threshold was used to control the rate of the
type I error.

3 Results
3.1 Interactions among TME cells

First, the cells were separated into 16 different clusters, after
which a heatmap revealed the top 3 featured genes of each
cell cluster (Fig. S1A, S1B). We further annotated each type
via the SingleR package, through which cells were mainly
separated into 6 distinct categories (Fig. 1B). The prediction
of receptor-ligand-transcription factor interactions indicated
ubiquitous cellular interplays between each cell category
(Fig. 1C), especially for epithelial cells of which the recep-
tors exerted cellular communications with the ligands of
other cells. Moreover, we found that the interactions between
epithelial cells and other cells affected tumor progression
(Fig. 1D). For instance, interplays between B-epithelial, NK-
epithelial or monocyte-epithelial cells were found to modify
the Hippo signaling pathway, the ErbB signaling pathway
and cellular senescence, respectively. The T-epithelial inter-
action also affected platinum drug resistance and the PD1-
PDL1-related pathway. The concrete receptor-ligand pairs
displayed in Fig. S1C shows the valves that drive cell-to-cell
interactions, which may provide potential targets to activate
or block cellular communication.
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Fig.2 TME-based molecular subtypes of rectal cancer. A. Heatmap
exhibiting the classification of RC patients based on the abundance
of immune cells, non-immune stromal cells and epithelial cells by the
ssGSEA algorithm. The majority of the patients were categorized to
subgroup 2 (Canonical), which showed moderate immune and non-
immune stromal cell levels. Patients with higher immune and stromal
levels are categorized to Subgroup 1 (Immune). Subgroup 3 (Dor-
mant) and subgroup 4 (Stem-like) retained the lowest immune cells,
and subgroup 4 exhibited a lower non-immune stromal cell abun-
dance and a higher cancer stem cell and goblet cell level compared
to subgroup 3. B. Heatmap showing the results of Pearson’s correla-
tion analysis on 35 TME components. C. Scatter plot indicating that
all RC patients could be unsupervisedly divided into 4 subgroups by
two-dimensional tSNE analysis, validating the results of hierarchical
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clustering. D. Violin plot showing TME scores for RC patients in dif-
ferent subgroups. E. Kaplan—-Meier survival plot revealing different
survival statuses of different subgroups. F. Mutation landscape of the
top 30 mutated genes in different subgroups. The upper plot repre-
sents tumor mutational burden (TMB), the left column represents the
mutation frequency of each gene and the right column the detailed
mutational type. G. Boxplot showing the expression profiles of each
HLA protein in different subgroups. H. Boxplot showing the expres-
sion profiles of immune checkpoint genes in different subgroups. I.
Difference of immunophenoscore (IPS) of anti-PD1, anti-CTLA4,
and a combination of both among the four subgroups by TCIA. Sta-
tistical analyses on different TME subgroups were performed using
the one-way ANOVA algorithm, *p <0.05, **p <0.01, ***p <0.001
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Fig.3 Degenerated TME subtyping method by WGCNA-LASSO. A.
WGCNA obtained co-expression modules of the DEGs in Fig. S9A.
Different modules are represented by different colors. Genes in grey
did not belong to any of the modules. B. Heatmap showing the results
of correlation analyses of different modules. C. Visualization of the
co-expression network for prognostic genes in Fig. S9B with high co-
expression scores (> 0.5) with any other gene by Pearson’s correla-
tion analysis. The colors of the nodes refer to the classified modules.

3.2 TME-based molecular subtypes of rectal cancer

Here, we curated the main biomarkers representing different
cell types in the TME, including 19 immune-correlated com-
ponents (e.g. immune cells, immune-related pathways and
immune responses), 9 non-immune stromal cells and 7 epi-
thelial cells (Table 1). Detailed lists of these biomarkers are
shown in Supplementary Table 1. Using the ssGSEA algo-
rithm, we annotated the abundance of those TME components
in each TCGA-READ patient according to the expression of
their featured biomarkers. We found that the infiltration lev-
els of myofibroblasts, goblet cells, goblet progenitor cells and
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D. Bubble KEGG plot analysis identifying cancer-related pathways
with genes enriched in each module. E. Bubble GO analysis chart
identifying molecular functions with genes enriched in each module.
F. Partial likelihood deviance revealed by LASSO regression in the
10-fold cross-validation. The optimal values are shown within the two
dotted vertical lines. G. Distribution of the coefficient scores of each
signature-selected gene. Red indicates a positive and green indicates a
negative correlation with the risk score

Paneth cells were correlated with the overall survival status
of the RC patients (Fig. S1D-G), indicating a non-negligible
role of non-immune components on tumor progression. Next,
the patients were separated into 4 subgroups by hierarchical
clustering based on ssGSEA (Fig. S2, Fig. 2A). Subgroup 1
(Immune) exhibited the highest abundance of both immune
and non-immune stromal cells, while subgroup 2 (Canonical)
showed moderate immune and non-immune stromal cell levels.
Both subgroup 3 and subgroup 4 retained the lowest number
of immune cells, but subgroup 4 (Stem-like) exhibited a lower
non-immune stromal cell abundance and a higher cancer stem
cell and goblet cell level compared to subgroup 3 (Dormant).
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«Fig. 4 Testing of the degenerated TME signature in the TCGA
cohort. A. The upper chart shows the division of RC patients into
high- and low-risk groups by the median cut-off of the risk score. The
lower chart shows the survival time and survival status of patients in
the TCGA cohort with different risk scores. B. Kaplan-Meier survival
plot revealing the overall survival of RC patients in the high- and low-
risk subgroups. C. ROC curve of the signature of 1-year and 3-year
survival. D. Calibration curve showing that the actual survival time
is similar to the predicting ROC curve. E. ROC curves of the 10-gene
panel using different machine learning algorithms at 5-year survival.
F. Kaplan-Meier survival plot revealing the disease-free survival of
RC patients in the high- and low-risk subgroups. G. Kaplan-Meier
survival plot revealing the progression-free survival of RC patients in
the high- and low-risk subgroups. H. Univariate Cox regression anal-
ysis identifying risk factors correlating with overall survival. I. Mul-
tivariate Cox regression analysis showing that the 10-gene signature
may serve as an independent prognostic factor

In the Pearson’s correlation analysis, Paneth cells were
strongly correlated with the infiltration of macrophages and
many other immune cells (Fig. 2B), which implies potential
capacities of intestine cells to affect immune infiltration.
Moreover, myofibroblasts, stem cells, vascular endothelial
cells, platelets, mesenchymal cells, fibroblasts and pericytes
were positively correlated with each other (Fig. 2B), sug-
gesting that stromal cell infiltration was probably associated
with cell stemness.

Then we applied tSNE analysis for dimensional reduction
(Fig. 2C) and obtained similar results as by hierarchical clus-
tering analysis (Fig. 2A), suggesting that the subtyping sys-
tem is mathematically robust. A microenvironmental-related
scoring of patients in different subgroups was performed by
ESTIMATE. We found that the Immune subgroup exhibited
the highest, while the Stem-like subgroup exhibited the low-
est ESTIMATE scores (Fig. 2D). Remarkably, the patients of
the different TME subtypes showed distinct survival curves.
The Immune subgroup had the worst prognosis compared to
other groups during the first two years, whereas the Stem-
like subgroup exhibited more unfavored outcomes after three
years (Fig. 2E).

3.3 Molecular features of different TME subtypes

The mutation data showed that different TME subtypes
shared a similar list of most commonly mutated genes, i.e.,
APC and TP53, and that the most common mutation cat-
egory was missense mutation (Fig. 2F). Despite the con-
sistency of the top-ranked mutated genes, we found that the
detailed mutation profiles varied among the four subgroups
(Fig. S3A-D). Remarkably, patients in the Immune group
showed the highest frequency of SYNE1 and LRP1B muta-
tions, whereas the Canonical group showed relatively higher
FAT4 and RYR1 mutation frequencies compared to other
groups. The featured mutated gene in the Dormant group
was NRAS, while the Stem-like group was marked by the
highest KRAS and PIK3CA mutation rates (Fig. S3E). In

addition, we found that patients in the distinct subgroups
also exhibited different levels of DNA repair-related path-
ways (Fig. S4A), further underscoring the heterogeneity of
genomic mutation statuses among different TME subgroups.

We also employed other datasets to investigate TME lev-
els of different subgroups. The results well matched the sub-
group characteristics. For example, patients in the Immune
subgroup exhibited the highest enrichment levels of the
TME-related pathways, followed by the Canonical subgroup
(Fig. S4B). Although the Dormant and the Stem-like groups
exhibited similar extents of immune correlated components
(e.g. CD8 T effector and Immune checkpoint), the Stem-
like group showed lower epithelial-mesenchymal transition
(EMT) and PAN-F-TBRS (Pan-fibroblast TGF f response
signature) levels. In addition, we found that the levels of
HLA proteins, immune-related stimulators, immune-related
inhibitors and microenvironmental molecules varied among
the different subgroups (Figs. 2G-H and S5). Results from
TCIA revealed that patients in the four subgroups exhibited
different immune-response predictions including those of
anti-PD1, anti-CTLA4 and a combination of both (Fig. 2I).

3.4 Differentially expressed genes among TME
subtypes

We further explored the featured genes of the different sub-
groups. As the Canonical subgroup included the largest
number of patients and exhibited moderate immune and non-
immune stromal cell levels, we used this subgroup as a ref-
erence. First, we found that 1994 genes were overexpressed
and 150 genes were downregulated in the Immune subgroup
compared to the Canonical group (Fig. S6A). Further GSEA
analysis revealed that patients in the Immune subgroup
exhibited higher expression levels in the FC receptor sign-
aling pathway and the antigen processing and presentation
pathway compared to the Canonical group (Fig. S6B, C).
Second, we found that 9 genes were overexpressed and 472
genes were downregulated in the Dormant group compared
to the Canonical group (Fig. S7A). Patients in the Dormant
group exhibited comparatively inferior expression levels in
the T cell receptor signaling pathway and interferon-gamma
mediated signaling pathway (Fig. S7B, C). Third, 108 genes
were found to be overexpressed and 1279 genes to be down-
regulated in the Stem-like group compared to the Canonical
group (Fig. S8A). Patients in the Stem-like group exhibited
lower expression levels in the endothelial migration and vas-
cular endothelial growth factor receptor signaling pathway
compared to the Canonical group (Fig. S8B, C).

All differentially expressed genes (DEGs) between the
Canonical group and the other 3 subgroups are shown in
Fig. S9. Among these DEGs, only 36 genes were cor-
related with the prognosis of RC patients (Fig. S9B),
suggesting that less than 1/10 TME featured DEGs

@ Springer



1372 F.Buetal.
1.00 o ] o | m m.. mw
L - -
2 075 ! " o | o | ] /
E o o
[ 1 —_~
£ D g //1
& 050 > < | o <9 4
s s ° o °
g = ' 3
@ 025 p=0.080 § < | % < |
High risk e 2 °
“ Low risk o
000 S AUC at 1 0.693 S 1
e at 1 years: 0. -year
0 12 24 36 48 60 72 84 96 108 120
Time in months —— AUC at 3 years: 0.762 —— 3-year
o | —— AUC at 5 years: 0.653 o | — S5-year
:l 28 23 18 15 14 5 1 0 0 0 O ° '] T T T T T i T T T T T T
Low rish
owrskq2r 25 24 24 17 10 2 1 1 1 0 00 02 04 06 08 10 00 02 04 06 08 10
0 12 24 36 48 60 72 84 96 108 120 o ,
D E 1-Specificity F Nomogram-predicted OS (%)
1.00 o > o |
- ‘ T < 1
H—I, 1
2 075 ‘ o ] - o | U 1
E o . —_ o
3 | £
[=]
s © [ )
E. 0.50 g S E 2 l
@ 025 =0.027 = b
3 p=0. B I g I
High risk 8
- A
o0 o S AUC at 1 0.764 S 1
at 1 years: 0. -year
0 12 24 36 48 60 72
Time in months —— AUC at 3 years: 0.769 —— 3-year
o || —— AUC at 5 years: 0.701 o | — 5-year
:I 28 13 1210 8 2 1 ° 5 T T T T T e 4 T T T T T
Low risk
owiskzr 22 21 20 13 8 0 00 02 04 06 08 10 00 02 04 06 08 10
0 12 24 3 48 60 72 .. .
G H 1-Specificity | Nomogram-predicted DFS (%)
1.00 T" o ] o | ""'TW
2 075 ' o _| I le
= o —~ I
3 g 1TT
[} N o
5 050 > <o | P o |
3 z° 8 ° l [
<& = o
5 0.25 ﬂg’ < g ] L
@ - p<0.001 0 S ﬁ S 7
High risk o
0.00 == Low risk g | g _ i
0 1 2 3 4 5 6 7 8 9 10 11 12 AUC at 1 years: 0.641 o 3_year
Time in years i —— AUC at 3 years: 0.680 year
o |4 —— AUC at 5 years: 0.657 o | — 5-year
10276 61 42 30 16 11 8 2 1 1 0 0 e 4 T T T T T e T T T T T T
Lowrisk102 83 79 67 53 35 19 11 8 6 1 1 0 00 02 04 06 08 10 00 02 04 06 08 10
0 1 2 3 4 5 6 7 8 9 10 11 12 o _
1-Specificity Nomogram-predicted DFS (%)
J Stage s SIAGEi &1 STAGEN STAGE lll 83 STAGE IV K L
0 0.017 '
0.021 pvalue Hazard ratio : pvalue Hazard ratio :
0.97 ' '
. 3.3e-05 X 1 '
» 0.0013 ! '
o 0.0021 Age 0028 0.979(0.961-0.998) n Age 0564 09950976-1013) B
8 “be & , ]
a £ L ' .
= . ! 1
2 ke : | |
- )
2 gy o .t Stage  <0.001 3.904(2.606-5.848) ' —— Stage  <0.001 3.520(2.326-5.328) ) ——
%o 0 S Ly | '
vy o g \ !
B 3 . ; i
. . \
-3 .J RiskScore <0.001 4.176(2.298-7.589) | ; : I—P—! . <0001 2.979(1.613-5.502) ' -
05 1 2 4 o5 4 7 )
STAGE | STAGEIl  STAGEIl  STAGE IV Hazard ratio Hazard ratio
contributed most to the prognostic value of the TME 3.5 Construction of a degenerated TME subtyping

subtyping system. Hence, different TME subtypes of RC
exhibited distinct clinical outcomes, various molecular
features and diverse featured gene lists (Fig. S9C), pro-
viding the possibility to construct a microenvironmental-
related prognostic signature with those DEGs among the
different subtypes.
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method by WGCNA-LASSO

To increase the accuracy and simplicity of the signature, we
performed WGCNA analysis to divide the DEGs into different
modules. Next, we ranked the prognostic genes in Fig. SOB
based on their p-values and selected the top 5 prognostic
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«Fig.5 Verification of the degenerated TME signature by GSE17537
and GSE161158 cohorts. A. Kaplan-Meier survival plot reveal-
ing overall survival between the high- and low-risk subgroups in
the GSE17537 cohort. B. ROC curve of this signature of 1-, 3- and
5-year overall survival. C. Calibration curve revealing that the
actual survival time is similar to the predicting overall survival ROC
curve. D. Kaplan-Meier survival plot revealing disease-free survival
between the high- and low-risk subgroups in the GSE17537 cohort.
E. ROC curve of the signature at 1-, 3- and 5-year disease-free sur-
vival. F. Calibration curve revealing that the actual survival time is
similar to the predicting disease-free survival ROC curve. G. Kaplan-
Meier survival plot revealing disease-free survival between the high-
and low-risk subgroups in the GSE161158 cohort. H. ROC curve of
the signature of 1-, 3- and 5-year disease-free survival. I. Calibra-
tion curve revealing that the actual survival time is quite similar to
the predicting disease-free survival ROC curve. J. Boxplot show-
ing the risk score distribution of patients in different tumor stages
in the GSE161158 cohort. K. Univariate Cox regression analysis
identifying the risk factors correlating with overall survival in the
GSE161158 cohort. L. Multivariate Cox regression analysis showing
that the 10-gene signature may serve as an independent prognostic
factor in the GSE161158 cohort. The statistical analysis of the risk
score distributions in different tumor stages was tested using the Wil-
cox algorithm

genes in each module by lasso regression. If there were less
than 5 prognostic genes in a module, all the prognostic genes
in this module were included. The purpose of this step was
to enhance the orthogonality of the genes involved in the sig-
nature. As shown in Figs. 3A and S10A, the patients were
mainly divided into 5 modules. These different modules were
correlated with different microenvironmental factors and dif-
ferent clinical characteristics (Figs. 3B and S10B). Subse-
quently, we performed a Pearson’s correlation analysis on the
prognostic genes. The genes with a correlation score higher
than 0.5 were visualized by Cytoscape software (Fig. 3C).
Additional GO and KEGG analyses also revealed that patients
in different groups possessed different enrichment statuses of
immune cell adhesion, extracellular organization, homeostasis
and immune-related signaling pathways (Fig. 3D, E). Based
on these results, the genes that we selected exhibited different
microenvironmental statuses and a high orthogonality. Lastly,
19 genes were selected for lasso regression, which belonged
to 5 distinct modules (MRAP, PLUNC: Yellow module;
IL7R, DEGS1, BCL6, DHRS11 and FAM129A: Blue mod-
ule; KIF13A, ADAMTSLA4, TIMP1, PDGFRA and FNBP1:
Turquoise module; WNT5A, RRAGD, MYL9, ACTG2 and
HCP5: Brown module; EDIL3 and CFL2: Grey module).
Next, a 10-gene signature was generated (Fig. 3F), and we
determined the risk score of each patient as the sum of each
gene multiplied by the corresponding coefficient (Fig. 3G,
Table S4).

Based on the classification, patients in the TCGA cohort
were divided into high- and low-risk groups by the median
risk score (Fig. 4A). The patients in the high-risk group
had a lower overall survival rate than those in the low-
risk group (Fig. 4B). The accuracy of the signature was

validated by the AUCs of 1- and 3-year survival, which
were 0.848 and 0.948, respectively (Fig. 4C). The calibra-
tion curve revealed that the actual survival status was quite
similar to our prediction (Fig. 4D). Besides, we employed
different machine learning algorithms to predict the 5-year
survival status. To avoid overfitting effects, we randomly
selected half of the samples as the training set and used
the whole samples as the test group. Notably, the 10-gene
panel integrated with all of the algorithms turned out to
be robust in predicting the 5-year overall survival status
(Fig. 4E). In addition, this signature predicted the DFS
(Fig. 4F) and PFS (Fig. 4G) in RC patients. Noticeably,
other clinical factors such as age, positive lymph node
status and distant metastasis, were also correlated with
the prognosis (Fig. 4H). By integrating all these risk fac-
tors, we found that the 10-gene signature score serves as
an independent factor for the prognosis of RC patients
(Fig. 41).

3.6 Verification of the degenerated TME signature
by GSE17537 and GSE161158

To evaluate the applicability of the signature, two GEO
datasets were employed for validation. The patients were
divided into high- and low-risk groups by the median
risk score. The GSE17537 results showed that patients
in the high-risk group have a worse overall survival (OS;
Fig. 5A) and disease-free survival (DFS; Fig. 5D) than
those in the low-risk group. The accuracy of the signa-
ture was validated by the AUC of 1-, 3- and 5-year, which
exhibited a good prognostic performance in both OS
(Fig. 5B) and DFS (Fig. 5E). The calibration curve further
showed that the actual prognostic outcome matched well
with our prediction results (Fig. 5C, F). In GSE161158,
patients in the high-risk group also exhibited a worse DFS
(Fig. 5G) than those in the low-risk group. The 1-, 3-, and
5-year AUC values of this signature were 0.641, 0.680
and 0.657, respectively (Fig. 5SH). The calibration curve
showed that the actual prognostic outcome matched well
with our predictions (Fig. 5I). We found that patients in
GSE161158 with increased risk scores were strongly cor-
related with advanced tumor stages, indicating that this
signature correlates with tumor progression (Fig. 5J). We
also verified this 10-gene signature as an independent
prognostic factor by integrating it with other clinical fac-
tors (Fig. 5K, L).

3.7 Features of the degenerated TME signature
and its clinical application

To infer the effectiveness of this 10-gene signature from
a biological and clinical perspective, we investigated its
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«Fig.6 Correlations between the risk score and different features. A-
D. Boxplots showing that patients with different risk scores exhibit
different clinical statuses. Patients with advanced stage, large tumor
size and positive node metastasis are positively correlated with
higher risk scores. E. Enrichment plot showing the biological fea-
tures of which the high-risk group is associated with. F. Enrichment
plot showing the biological functions of which the low-risk group is
associated with. G. Circle plot showing sample distributions between
the risk groups, TME subtypes and TCGA classifications. H. Dis-
crepancy of IPS for anti-PD1 immunotherapy between the two sub-
groups. I. Kaplan-Meier survival plot showing the overall survival
status between high- and low-risk groups in the IMvigor210 dataset.
J. Box plot showing the distributions of risk scores between CR/PR
(complete response/partial response) and SD/PD (stable disease/ pro-
gressive disease) patients in IMvigor210. K. Kaplan-Meier survival
plot showing the overall survival status between high- and low-risk
groups in the GSE78220 dataset. L. Box plot showing the distribu-
tions of risk scores between R (response) and NR (non- response)
patients in GSE78220. M-P. Box plots showing the IC50 values of
different chemotherapeutic drugs between high- and low-risk patients.
Q. The mutation landscape of patients in the high-risk group. R.
Mutation landscape of patients in the low-risk group. The statistical
analyses of Fig. 6A-D, H, J, L-P were all performed using the Wilcox
test, *p <0.05

correlation with clinical factors and different biological
processes. We found that patients with increased risk scores
were correlated with advanced tumor stage, growing tumor
size and node metastasis (Fig. 6A-D). Subsequently, GSEA
was used to reveal the biological features of this signature.
The high-risk group was mainly enriched in RNA locali-
zation and mRNA transport (Fig. 6E), while the low-risk
group was comparatively enriched in metabolic processes,
antigen processing and presentation of endogenous antigens
(Fig. 6F). Compared with the TME classification, the high-
risk patients matched more closely with the Immune group
and the Stem-like group, while the low-risk patients matched
more closely with the Canonical group and the Dormant
group (Fig. 6G). Moreover, the low-risk patients matched
more closely with the POLE and GS categories (Fig. 6G).
We also explored whether this signature could be used for
other treatment decision-making scenarios. First, the predic-
tion of TCIA suggested a better effect of anti-PD1 immuno-
therapy on the low-risk group (Fig. 6H). Furthermore, two
immunotherapy datasets, IMvigor210 and GSE78220, were
employed for the evaluation of this 10-gene panel in immu-
notherapy response prediction. We found that the patients
with a higher risk score not only showed a worse progno-
sis in the two datasets (Fig. 61, K), but also showed worse
responses to anti-PDL1 (Fig. 6J) and anti-PD1 (Fig. 6L)
therapy. Hence, we suggest this 10-gene panel as an effec-
tive prediction tool for immune checkpoint-based immuno-
therapy, especially for PD1/PDLI1 blockades. Moreover, we
found that the effectiveness of chemotherapeutic drugs (e.g.
Imatinib and Sorafenib) could also be predicted by the sig-
nature. Patients in the low-risk group exhibited lower IC50
values for these chemotherapeutic drugs (Fig. 6M-P).

Through the analysis of mutation profiles, we found that
the most frequent mutated gene list was largely shared by
both subgroups (Fig. 6Q, R). However, the high-risk group
(Fig. 6Q) showed a comparatively lower overall muta-
tion rate compared to the low-risk group (Fig. 6R), which
could be a partial explanation for the different therapeutic
responses noted.

Among the 10 genes in the signature, we found that
DEGS1 and RRAGD were upregulated in the high-risk
group (Fig. 7A, B). Upregulation of these two genes was
correlated with higher risk degrees (Fig. 7C, D). Moreover,
we observed strong correlations between DEGS1/RRAGD
overexpression and tumor stage (Fig. 7E, F) and tumor size
(Fig. 7G, H). Additionally, downregulation of RRAGD was
observed in stage I tumors (Fig. 7F). Concordantly, we found
that RRAGD expression in T4 was significantly higher than
in T1-3 (Fig. 7H). Subsequent TIMER analysis revealed
that DEGS1 was correlated with the infiltration of CD8* T
cells, macrophages, neutrophils and dendritic cells (Fig. 71).
RRAGD expression was found to be correlated with the
infiltration of CD4" T cells, macrophages, neutrophils and
dendritic cells (Fig. 7J).

We also performed stratification survival analyses. In
most subpopulations, the high-risk group exhibited worse
survival rates compared to the low-risk group (Fig. 8A-L).
In addition, a nomogram was constructed combining this
signature with age and M stage to predict the survival of
RC patients (Fig. 8M). The ROC curve showed the AUC for
1 year, 3 year and 5 year survival rates were 0.875, 0.957
and 1.000, respectively (Fig. 8N). The actual survival of the
patients was deduced from the calibration curve, which was
similar to our prediction by the pre-established nomogram
(Fig. 80).

4 Discussion

Previous studies on TME-based stratification of CRC mainly
focused on immune cells, while the putative importance of
non-immune cells was neglected. Chen et al., for instance,
identified three TME subtypes based on tumor-infiltrating
lymphocytes (TILs) [37]. Zhao et al. used T cell, B cell and
Macrophage (TBM) scores to predict the metastasis of CRC,
thereby establishing a prognostic Immune Scoring System
[38]. Chong et al. divided CRCs into three clusters using
m6A regulators and explored the immune cell subsets in
each cluster [39]. Besides, other studies have investigated
correlations between the TME and other biological pro-
cesses, including pyroptosis [40, 41] and chemotherapy
response [42]. Here, we identified evident interplays between
epithelial cells and immune cells. Those interactions were
shown to affect classical cancer signaling pathways, high-
lighting the crucial role of non-immune components in the
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Fig.7 DEGS1 and RRAGD are correlated with clinical parameters
and immune infiltration. A. Upregulation of DEGSI in the high-
risk group. B. Upregulation of RRAGD in the high-risk group. C.
Spearmans’ correlation plot showing that the increasing expression
level of DEGSI is positively correlated with the risk score. D. Spear-
mans’ correlation plot showing that the increasing expression level of
RRAGD is positively correlated with the risk score. E. Correlation
of DEGS1 expression with tumor stage. F. Correlation of RRAGD

TME. Furthermore, we identified the abundance of myofi-
broblasts, goblet cells, goblet progenitor cells and Paneth
cells as prognosis-related factors. Hence, it would be more
suitable to define the TME considering the integration of
representative immune, stromal and epithelial components.
Based on overall TME features (immune-correlated com-
ponents, non-immune stromal cells and epithelial cells), all
RC patients could be separated into Immune-, Canonical
-, Dormant- and Stem-like subgroups. Compared to other
stratification studies, our subtyping results not only enabled
the identification of differences in clinical features, espe-
cially prognosis, but also provided a biological interpret-
ability of those differences. Consequently, the TME features
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expression with tumor stage. G. Correlation of DEGS1 expression
with tumor size. H. Correlation of RRAGD expression with tumor
size. I. TIMER platform revealing Spearmans’ correlations between
DEGSI and the infiltration of different immune cells. J. TIMER plat-
form revealing Spearmans’ correlations between RRAGD and the
infiltration of different immune cells. The statistical analyses of gene
expression levels in different risk groups and risk score distributions
in different clinical parameters were tested using the Wilcox test

in distinct RC subgroups further emphasized a crucial role
of non-immune stromal cells.

It should also be noted that CRC is a broad definition
encompassing both colon cancer (CC) and RC. Different
anatomical features of cancer may bring different risk factors
and different biological processes during carcinogenesis. For
example, there is a wide difference in not only clinical features
(e.g. prognosis, lesion morphology, stage distribution), but also
biological characteristics (e.g. mutation profile, CpG island
methylator phenotype, microsatellite instability) between right-
and left-sided CC [43, 44]. Thus, it would not be appropriate
to simply adapt the CRC TME subtyping system to RC strati-
fication. However, few studies probed into the stratification
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Fig.8 Clinical application of the 10-gene signature in combination
with other clinical parameters to predict the prognosis of RC patients.
A-L. Stratified analyses showing that patients in the high-risk group
are correlated with poor overall survival. M. Nomogram curve show-

ing that the 10-gene signature combines age and M stage to predict
the survival status. N. ROC curve of the established nomogram. O.
Calibration curve showing that the actually observed 1-, 3- and 5-year
overall survival status is close to our prediction
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of RC. Here we separated all RC patients into four distinct
subgroups based on the estimated abundance of immune cells,
non-immune stromal cells and epithelial cells. The patients
in the different subgroups not only exhibited different TME
features, but also distinct prognostic statuses. The Immune
subgroup had the worst prognosis compared to other groups
in the first two years, whereas the Stem-like subgroup exhib-
ited more unfavored outcomes after three years. Considering
that cancer stem cells (CSCs) may stay static for a long time
while their stemness allows them to accumulate carcinogenic
and mutagenic inducers including inflammation and oxidative
stress, CSCs are regarded as precursors of tumor recurrence
and metastases [45], which well fits the trends of the survival
curve of the Stem-like subgroup.

The mutation landscape may reflect the genetic carcino-
genic path to some extent. Despite commonly mutated genes
such as APC, other high-frequency mutated genes showed
different mutation rates in different subgroups. LRP1B and
SYNEI1 were the most representative mutated genes in the
Immune subgroup. Previous studies have already reported
the occurrence of somatic LRP1B and SYNE1 mutations
during the progression of various cancers [46—48]. LRP1B
mutations have been correlated with TMB and could serve
as an independent prognostic factor in hepatocellular carci-
noma (HCC) [46] and glioblastoma [47]. Similarly, SYNEI
mutations have been correlated with a higher TMB level and
a worse prognosis [48]. Those findings are in good accord-
ance with our conclusion that the Immune subgroup has the
worst prognosis compared to other groups in the first two
years. KRAS and PIK3CA were the most representative
mutated genes in the Stem-like subgroup, which showed
disappointing outcomes after three years. It has already been
reported that PIK3CA mutations are commonly accompa-
nied by KRAS mutations [49], which is in line with our
results. Li et al revealed that KRAS mutations were cor-
related with lymphovascular tumor embolism and perineu-
ral infiltration [50]. Moreover, KRAS mutations in exons
3/4 and PIK3CA mutations were simultaneously found to
be correlated with a worse prognosis in CRC patients [49],
which could partially explain the dramatic decline in the
survival curve in the Stem-like subgroup after three years.

As predicted by TCIA, the four RC subtypes exhibited
different responses to immunotherapies including anti-PD1,
anti-CTLA4 and a combination of both. The ESTIMATE
scores and HLA levels of the four RC subtypes were also
different from each other. Corresponding to the difference
in estimated immune cell abundance, those distinct immu-
nological features provided a molecular basis for a differ-
ent sensitivity to immunotherapy. Noticeably, Chen et al.
proposed to classify cancers into immune-desert, immune-
excluded and immune-inflamed phenotypes. They also pro-
vided meticulous biological mechanisms for the interpre-
tation of different immune responses of different immune
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phenotypes [51]. Hereafter, this classification frame was
widely referred to and recreated in numerous studies. For
instance, Chen et al. separated gastric cancer patients into
3 subgroups via an unsupervised consensus algorithm [52].
These subgroups exhibited dissimilar immune features and
the immune-inflamed subgroup was correlated with a strong
immune activation and a better prognosis compared to the
other groups. Moreover, the immune-inflamed subgroup
showed the highest sensitivity to anti-PD1 immunother-
apy and chemotherapy [53]. Here, we also found that the
patients with the highest level of immune cell infiltration
(the Immune subtype) exhibited the worst survival, which
seems to be contradictory to previous findings. Thus, the
Immune subtype we identified could not be simply mapped
to the immune-inflamed cancers. The highest level of non-
immune stromal cell infiltration in the Immune subtype
would provide good support for cancer cell proliferation
and metastasis [54], providing a partial explanation for its
unfavorable prognosis.

Even though the four subtypes we identified from all RC
patients could facilitate our understanding of the heteroge-
neity of RC, it is not suitable to reproduce this complicated
subtyping in clinical scenarios. Hence, we employed inte-
grated bioinformatics tools to develop a degenerated prog-
nostic model. WCGNA is a powerful algorithm to explore
potential gene-gene correlations in an expression matrix. We
obtained five modules of DEGs via WGCNA and selected
orthogonal prognostic genes for modeling without subjec-
tivity and biases. Next, we applied LASSO regression to
screen the top-ranked genes identified by WCGNA in each
module and established a 10-gene prognostic model. Then,
we applied several machine learning algorithms to integrate
those genes to achieve a higher accuracy for survival pre-
diction and a nomogram was adopted for further including
clinical variables and visualization. The final degenerated
prognostic model we established could well distinguish
patients with different prognoses in both the testing dataset
and the validation datasets. Moreover, it could predict dif-
ferent responses to immune checkpoint blockade immuno-
therapy and the application of chemotherapeutic drugs.

The DEGS1, MRAP, PLUNC, RRAGD, EDIL3, IL7R,
DHRSI11, HCP5, WNTS5A and KIF13A were selected to
construct a 10-gene signature. Many of these genes have
already been proven to participate in carcinogenesis and
the TME. As a major dihydroceramide desaturase in human
neuroblastoma cells, DEGS1 was identified as being crucial
for cell proliferation via cell cycle checkpoint evasion [55].
ABTLO0812, an anti-cancer molecule, has been proven to
suppress DEGS1 activity to promote cytotoxic autophagy in
cancer cells [56]. Moreover, inhibition of DEGS1 has been
found to activate endoplasmic reticulum stress and autophagy,
which is essential in maintaining immunophenotypic and
functional stem cells [57]. RRAGD is a monomeric guanine
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nucleotide-binding protein that enhances nutritious metabo-
lism and tumor proliferation via activating the mTOR pathway
[58]. RRAGD has also been reported to be overexpressed and
to correlated with an unfavorable outcome in HCC patients
[59]. Here, we identified DEGS1 and RRAGD as being over-
expressed in the high-risk RC group, and to be correlated with
advanced tumor stage and tumor size, further highlighting the
clinical value of evaluating their expression in cancer. We also
found that DEGS1 was correlated with the infiltration of dif-
ferent immune cells, especially neutrophils, providing a clue
for the potential immunomodulatory role of DEGS1.

In conclusion, we divided all RC patients into four sub-
types based on different compositions of TME components
and afforded the biological interpretability for those differ-
ences. Moreover, the differences in clinical characteristics
and prognosis among different RC subtypes enabled us to
establish a robust and concise model by including only 10
DEGs, which provided predictions for both prognosis and
immunotherapy response. We believe that both the non-
predefined four subtypes we established by unsupervised
clustering and the corresponding degenerated 10-gene prog-
nostic model may facilitate our understanding of RC hetero-
geneity, help the clinical stratification of RC patients and
assist the clinical decision-making process.
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