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Microsatellite-instable (MSI) tumours constitute one-fifth of colorectal cancers (CRCs). However, the MSI CRCs display
substantial tumour microenvironment (TME) heterogeneity and variable responses to immunotherapy, necessitating a
refined classification to guide personalized therapy. In this study, we analysed whole-genome and transcriptome
sequences from 223 MSI CRC patients from a large prospective longitudinal cancer study in Sweden (Nunes L, Li F, Wu
M, et al. Prognostic genome and transcriptome signatures in colorectal cancers. Nature. 2024;633(8028):137-146) and
identified three molecular subclasses with distinct TME and genetic features: class 1a (immune-excluded), characterized
by prominent stromal activation, transforming growth factor-0 signalling, and low tumour neoantigen burdens (TNB);
class 1b (immune-infiltrated), marked by intact neoantigen presentation and strong antitumour immunity; and class 2
(immune-cold), exhibiting epithelial features, high tumour mutation burden (TMB) and TNB, chromosomal instability,
active metabolism, and a lack of immune activation. We further uncovered a correlation between mutL homolog 1
(MLH1) hypermethylation and the immune-cold phenotype in class 2, where anti-programmed cell death protein 1 (PD-
1) and anti-cytotoxic T-lymphocyte-associated protein 4 (CTLA4) combination immunotherapy demonstrated significantly
improved efficacy compared with anti-PD-1 monotherapy. Finally, the molecular features of these subclasses were
validated in external MSI CRC cohorts and in MSI tumours from other cancers. Our findings offer a comprehensive
understanding of the molecular landscape of MSI CRC, unveiling potential molecular mechanisms underlying different
tumour-immune phenotypes and laying the foundation for future development of tailored treatment strategies.
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INTRODUCTION

Microsatellite-instable (MSI) or mismatch repair-deficient
(dMMR) tumours represent a well-defined genetic subset
of colorectal cancer (CRC), with a prevalence of ~20% in
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multiple large population-based studies'® and ~5% in
metastatic CRCs (mCRCs).*” The MSI tumours have high
tumour mutational burden (TMB) and extensive infiltration
of immune cells within the tumour microenvironment
(TME).® The prominent lymphoid reactions observed in these
tumours likely underlie their strong response to immune
checkpoint inhibitors (ICIs) and the favourable prognostic
impact of MSI in localized CRC.” Despite the promising effi-
cacy of ICls in treating MSI CRCs” ® with the anti-programmed
cell death protein 1 (PD-1) and anti-cytotoxic T-lymphocyte-
associated protein 4 (CTLA4) combination treatment
achieving better objective response rates (ORRs) than anti-
PD-1 monotherapies (71% versus 58%),'%*" resistance re-
mains a challenge in ~30% of cases, suggesting limitations
of TMB as the sole indicator of response to ICls.*?
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To fully realize the potential of T-cell-mediated tumour
immunotherapy in MSI CRC tumours, it is essential to un-
derstand the substantial heterogeneity of the TME within
MSI tumours, which restricts the ability of T cells to
effectively eliminate tumours.™® Several key stromal cell
populations within the TME, such as cancer-associated fi-
broblasts (CAFs), myeloid-derived suppressor cells (MDSCs),
and tumour-associated macrophages (TAMs), along with
the cytokines they produce, actively promote tumour im-
mune exclusion and immunosuppression, impeding the
efficacy of immunotherapy targeting MSI tumours.*>**
Although transcriptomic classifications of gastrointestinal
MSI tumours have partially validated the predictive and
prognostic value of certain TME factors for immunotherapy,
the dynamic nature of the TME across MSI CRC subtypes
introduces variability in RNA signatures associated with ICI
responses, confounding the interpretation and clinical
application of these findings.”>™® Therefore, thorough
multi-omics analyses are essential to further refine MSI
CRC subtypes based on genomic characteristics, provide
mechanism-driven guidance for optimizing decision on
therapeutic strategy to advance clinical outcomes, and
derive universal features for developing classification
models potentially applicable to MSI tumours in other
cancer types.

In our previous work, MSI CRC tumours were divided
into two subclasses with different immune and stromal cell
compositions.® Building upon these findings, we here
conducted deeper analyses of whole-genome sequencing
(WGS) and whole-transcriptome sequencing (WTS) data
from 223 patients with MSI CRC derived from the large
population-based U-CAN cohort, to refine the stratification
of MSI tumours based on genomic and TME heterogeneity
and assess its prognostic implications for immunotherapy.

PATIENTS AND METHODS

Patient cohort

Included patients were diagnosed with CRC between 2004
and 2019, at the Uppsala University Hospital or the Umea
University Hospital. Tumour tissues and matched normal
samples were drawn from the Uppsala—Umead Compre-
hensive Cancer Consortium (U-CAN) biobank collections
(Uppsala Biobank and Biobanken Norr) as described pre-
viously.> Clinicopathological and follow-up data, such as
age group, sex, tumour site, tumour grade, and tumour
stage, were obtained from Supplementary Source Data,
available at https://doi.org/10.1038/s41586-024-07769-3."
Sampling and analyses were carried out under the ethical
permits Uppsala EPN 2004-M281, 2010-198, 2007-116,
2012-224, 2015-419, 2018-490, EPM Dnr 2022-06182-01,
and Umed EPN 2016-219 and EPM 2019-566.

Genomic and transcriptomic data processing

U-CAN dataset. Somatic genomic alterations [single
nucleotide variant (SNV), multiple nucleotide variant
(MNV), insertion and deletion (indel), structural variation
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(SV), and copy number variation (CNV)], MSI status, MSI-
sensor2 score, MSI classes, gene expression data,
consensus molecular subtypes (CMS), CRC prognostic sub-
types (CRPSs), single-sample pathway profiles, cancer-
related pathways (PROGENY), hypoxia score, and TME
(CIBERSORT) of U-CAN tumours were identified and
described in our previous study.' Clonal and subclonal
mutations were identified by facetsSuite (v.2.0.8; https://
github.com/mskcc/facets-suite) with allele-specific CNVs.™
Calculations for TMB: (i) CNV burden was defined as the
number of copy number segments; (ii) SV burden was
defined as the number of structural variants; (iii) coding
TMB was defined as the number of single nucleotide
polymorphisms, double nucleotide polymorphisms, triple
nucleotide polymorphism, indels, and total mutations in
coding regions, respectively (Supplementary Table S1,
available at https://doi.org/10.1016/j.esmogo.2025.
100268).

External datasets

The Cancer Genome Atlas. For this study, only tumours
with MSI phenotype were selected, comprising 88 samples
from The Cancer Genome Atlas (TCGA)-COADREAD (colo-
rectal adenocarcinoma), 76 samples from TCGA-STAD
(stomach adenocarcinoma), and 166 samples from TCGA-
UCEC (uterine corpus endometrial carcinoma). The TCGA-
COADREAD dataset was created by merging MSI samples
from the TCGA-COAD (colon adenocarcinoma) and TCGA-
READ (rectal adenocarcinoma) projects. Subsequently, the
TCGA-PANCANCER dataset was formed by combining MSI
samples from TCGA-COADREAD, TCGA-STAD, and TCGA-
UCEC. Clinical data from the TCGA studies®® (* tcga_
pan_can_atlas_2018_clinical_data.tsv) were obtained from
cBioPortal (https://www.cbioportal.org/)** on 20 April
2023. The specific datasets used included: colorectal
adenocarcinoma (TCGA, PanCancer Atlas), stomach
adenocarcinoma (TCGA, PanCancer Atlas), and uterine
carcinosarcoma (TCGA, PanCancer Atlas). MSI status was
determined based on the MSlsensor score provided in the
clinical data. Tumours with an MSlsensor score of >3.5
were classified as having MSI, while those with a score of
<3.5 were classified as microsatellite stable (MSS).

Mutational data (data_mutations.txt) were obtained
from the corresponding TCGA studies*” available on cBio-
Portal (https://www.cbioportal.org/) as of 12 June 2024.
Transcriptome profiling data (gene expression quantifica-
tion of RNA-Seq, *.rna_seq.augmented_star_gene_counts.
tsv) were obtained from projects matching the mutational
data. The mRNA expressions were obtained from the
Genomic Data Commons Data Portal (https://portal.gdc.
cancer.gov/)*®> on 20 April 2023. The transcripts per
million (TPM) value were used in this study.

DNA methylation (methylation beta value of methylation
array, *.methylation_array.sesame.level3betas.txt) were
obtained from the Genomic Data Commons Data Portal
(https://portal.gdc.cancer.gov/) on 18 June 2024. Data from
two generations of Infinium arrays, HumanMethylation27
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(HM27) and HumanMethylation450 (HM450), were merged
to generate a dataset containing 25 978 probes shared
between the two platforms. For patients with multiple DNA
methylation files, the following selection criteria were
applied for this study: (i) primary tumours and solid tissue
normal samples were kept; (ii) if both HM450 and HM27
arrays were carried out, the HM450 data were kept; (iii) if
technical replicates were carried out on HM450, only one
of the replicates was retained; (iv) if biological replicates
were carried out on HM450, one sample (specifically TCGA-
*-*.01A) was kept.

An Atlas and Compass of Immune—Cancer—Microbiome
interactions. Mutational data (data_mutations.txt) were
obtained from colon cancer [Sidra-LUMC an Atlas and
Compass of Immune—Cancer—Microbiome interactions
(AC-ICAM), Nat Med 2023] on cBioPortal (https://www.
chioportal.org/) on 21 May 2023. Transcriptome profiling
data (EDASeq, quantile normalized log2-transformed
expression matrix, aligned to reference genome GRCh38)
and MSI status (MANTIS score from the MSI-calling tool
MANTIS) were obtained from Supplementary Source Data,
available at https://doi.org/10.1038/s41591-023-02324-5,
from the published article.®> Tumour samples with a
MANTIS score of >0.4 were classified as MSI cases, while
samples with a MANTIS score of <0.4 were classified as
MSS. In total, 57 MSI tumours were selected and used in
this study.

NIPICOL and ImmunoMSI. Mutational data (somatic muta-
tion of WES and targeted sequencing were obtained using
mutect2), transcriptome profiling data (gene counts of RNA-
Seq were obtained using FeatureCount), and clinical data
were obtained from GitHub (https://github.com/CRSA-MSI/
R-ICI_MNB_Survival) and Supplementary Data, available at
https://doi.org/10.1016/j.annonc.2023.05.010, provided in
Ratovomanana et al.’> Gene counts were converted to TPM
by rnanorm (v2.1.0; https://github.com/genialis/RNAnorm)
with GTF files matched to GRCh38.91 and GRCh38.101,
respectively. In total, 116 MSI tumours (NIPICOL, n = 44;
ImmunoMSI, n = 72) were selected and used in this study.

GSE39582 and GSE62254. Transcriptome profiling data (raw
intensities of expression) were obtained from the National
Center for Biotechnology Information Gene Expression
Omnibus  (https://www.nchi.nlm.nih.gov/geo/). Robust
multi-array average (RMA) expression value was used in
this study. Clinical data were obtained from Supplementary
Data, available at https://doi.org/10.1038/s41467-018-
04179-8 and https://doi.org/10.1371/journal.pmed.
1001453, that supported the published articles.”**® In to-
tal, 143 dMMR or MSI samples (GSE39582, n = 75;
GSE62254, n = 68) were selected and used in this study.
The clinical data of MSI samples from U-CAN and other
external cohorts that we were able to obtain are summa-
rized in the Supplementary Material, available at https://
doi.org/10.1016/j.esm0go0.2025.100268. TMB for AC-
ICAM, NIPICOL, TCGA-COADREAD, TCGA-STAD, and TCGA-
UCEC were defined as the number of protein-coding
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mutations in respective mutation data. TMB for Immu-
noMSI was defined as the number of non-synonymous
mutations.

Mutational signature analysis

Analyses of mutational signatures were carried out as
previously described.” Hierarchical de novo extraction of
single base substitutions (SBS), doublet base substitutions
(DBS), small insertions and deletions (ID), CNV, and SV
signatures from all tumours was followed by estimation of
the optimal solution (number of signatures) based on the
stability and accuracy of all 40 solutions. Subsequently, de
novo signatures were decomposed to the COSMIC*®
signature database®’ (v3.4).

HLA typing and neoantigen prediction

Human leukocyte antigen (HLA) alleles were called by at least
two HLA callers, including HLA-HD?® (v1.5.0; https://www.
genome.med.kyoto-u.ac.jo/HLA-HD),  HLA-LA*®  (v1.0.3;
https://github.com/DiltheyLab/HLA-LA), Kourami’® (v0.9.6.1;
https://github.com/Kingsford-Group/kourami), ~ OptiType>!
(v1.3.5; https://github.com/FRED-2/OptiType), ~PHLAT*?
(v1.1; https://github.com/chrisamiller/docker-phlat), Poly-
solver®® (v4; https://hub.docker.com/r/sachet/polysolver/
tags), and xHLA®** (commit 34221ea; https://github.com/
humanlongevity/HLA) using normal samples for each pa-
tient. To optimize running time, unmapped reads and reads
mapped to chr6:28000000-34000000 or ALT contigs were
extracted from the whole alignment file using samtools®>
(v1.16; https://github.com/samtools/samtools). The extrac-
ted reads were then re-mapped to reference of chromosome
6 (GRCh38) using the Sentieon Genomics software®® (San
Jose, CA. v202010.03; https://www.sentieon.com/). Extrac-
ted reads (fastq files) or re-mapped reads (bam file) were then
processed by HLA callers separately. Further, neoantigens
produced by coding somatic missense SNVs and indels were
predicted by pVACseq®’ (v3.0.4; https://github.com/
griffithlab/pVACtools) pipeline using the default settings.

Evaluation of immune status

Somatic genomic alterations that are robustly and recurrently
associated with immune evasion were identified by LILAC*®
(v1.6; https://github.com/hartwigmedical/hmftools). Accord-
ing to LILAC annotation, HLA loss of heterozygosity (LOH) for
HLA-A, HLA-B and HLA-C were defined as those cases with a
minor allele ploidy <0.3 and a major allele ploidy >0.7. So-
matic mutations for HLA-A, HLA-B, and HLA-C were considered
as those cases with missense, nonsense, frameshift, splice, and
in-frame indel mutations. Somatic mutations for antigen-
presenting or -processing genes (APGs),” including B2M,
CALR, CANX, CIITA, ERAP1, ERAP2, HSPBP1, IRF1, PDIA3,
PSMA7, PSME1, PSME2, PSME3, TAP1, and TAP2, were
considered as those cases with missense, frame shift,
nonsense, splice site, in-frame, translation start site, and
nonstop mutations. TIDEpy*® (v1.3.8; https://github.com/
jingxinfu/TIDEpy) is adopted to evaluate the potential of
tumour immune escape based on gene expression. The TPM
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data served as the input, with the parameter settings as fol-
lows: "cancer = ‘Other’, pretreat = False, vthres = 0,
ignore_norm = False, force_normalize = True". The Immu-
noscore (IS) signature was calculated with the average of
expression of CD8A and CD3E.*® The T-cell score was derived
from a signature comprising 12 genes [average log2 (TPM-1)
of CCL2, CCL3, CCL4, CXCL9, CXCL10, CD8A, HLA-DOB, HLA-
DMB, HLA-DOA, GZMK, ICOS, and IRF1].** The immunologic
constant of rejection signature score was calculated with the
average of the log2-transformed expression levels of 20 im-
mune genes [CCL5, CD274, CD8A, CD8B, cytotoxic T-lympho-
cyte-associated protein 4 (CTLA4), CXCL9, CXCL10, FOXP3,
GNLY, GZMA, GZMB, GZMH, IDO1, IFNG, IL12B, IRF1, PDCD1,
PRF1, STAT1, and TBX21].* The interferon gamma (IFN-y)
signature score was calculated by averaging the loglO-
transformed expression levels of 18 genes (NKG7, CD8A,
CD274, CCL5, TIGIT, CMKLR1, PDCD1LG2, LAG3, HLA-DQA1,
STAT1, CXCL9, IDO1, HLA-DRB1, HLA-E, PSMB10, CXCR6, CD27,
and €D276).** Immuno-oncology biological research (IOBR)
signature scores,”* such as CellCycle_Reg, Cell_cycle, DNA
damage response (DDR), Mismatch_Repair, Homo-
logous_recombination, Nature_metabolism_Hypoxia, Molec-
ular_Cancer_m6A, MT_exosome, Positive_regulation_of_exo-
somal_secretion, Ferroptosis, EV_Cell_2020, Pan_F_TBRs,
EMT1, EMT2, EMT3, TMEscore_CIR, TMEscoreA_CIR, TMEs-
coreB_CIR, T_cell_inflamed_GEP_Ayers_et_al, CD_8 T_effec-
tor, Immune_Checkpoint, antigen-processing machinery
(APM), GPAGs, PPAGs, MDSC_Peng_et_al, TAM_Peng_et_al,
MDSC_Wang_et_al, CAF_Peng_et_al, TGFb_Family_
Member_Receptor_Li_et_al, TGFb_Family_Member_Li_et_al,
T_cell_exhaustion_Peng_et_al, T_cell_regulatory_Peng_et_al,
ICB_resistance_Peng_et_al, TCR_signaling_Pathway_Li_et_al,
BCR_Signaling_Pathway_Li_et_al, ecm.myCAF, detox.iCAF, IL.
iCAF, TGFb, myCAF, wound.myCAF, IFNG.iCAF, CAF.S1, and
Normal.Fibroblast, were calculated by IOBR (0.99.8; https://
github.com/IOBR/IOBR) with the following parameters:
signature = signature_collection, method = "ssgsea",
mini_gene_count = 2. Intestinal stem cell index for MSI sam-
ples were calculated using 1SCindex™ (v1.0.0; https://github.
com/gnvalbuena/ISCindex) with gene expression data [log
(TPM+1)].

Cytokine analyses

The cytokine signalling analyzer*® CytoSig (v0.1; https://
github.com/data2intelligence/CytoSig) was used for cyto-
kine analysis. After logarithmization with TPM or RMA, the
values of each gene across all samples were mean-centred.
Then the calculation was completed with CytoSig.ridge_-
significance_test, and the signature was obtained from
CytoSig.find_signature_path. The parameters included
"alpha = 1E4, alternative = two-sided, nrand = 1000,
cnt_thres = 10, flag_normalize = True".

Unsupervised classification for MSI tumours

We previously used Seurat (v.4.1.0) to identify stable
clusters of MSI tumours.™*’ The stability of the two clus-
ters, MSI class 1 and class 2, was assessed using the Jaccard
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similarity index and the preferred clustering result was
determined by scclusteval (v.0.0.0.9000).** We used cola™
(2.9.1; https://github.com/jokergoo/cola) to identify stable
clusters of MSI class 1 samples with signatures meeting the
following criteria: (i) immune, stromal, and tumour
process-associated signatures were selected; (ii) signatures
not included in the IOBR funtion:signature_collection were
excluded; (iii) signatures lacking sufficient expressed genes
were excluded. Gene sets from these signatures were
selected from the following groups in the supplementary
data, (https://www.cell.com/cms/10.1016/j.crmeth.2024.1
00910/attachment/c180f8f9-c735-4938-a457-90ccefb88c
5¢/mmc3.xlsx) of the published article**: tumour process-
associated signatures, epithelial—mesenchymal transition
(EMT) gene signatures, biomarkers of immunotherapy,
immune microenvironment-relevant signatures, immune-
suppression signatures, immune-exclusion signatures,
immune-exhaustion signatures, T-cell receptor (TCR) and B-
cell receptor (BCR) signalling pathway, and CAF-relevant
signatures from single cell. Consensus partitioning was
run with the following parameters: run_all_consensus_
partition_methods(data = mat, top_n = nrow(mat),
top_value_method = c("SD", "ATC"), partition_method = c
("kmeans", "skmeans", "pam"), max_k = 5, cores = 2,
scale_rows = TRUE, partition_repeat = 100). Finally, two
consensus classes (MSI class 1a, n = 73; MSI class 1b, n =
79) were identified by the ATC:skmeans method.

Model building and validation of MSI classification

To validate MSI subclasses, we built a classification model
using scikit-learn®® (v1.5.1; https://github.com/scikit-learn/
scikit-learn), an open-source machine learning library for
Python" (v3.10.9).

The tumours were split into training and testing datasets
in a ratio of 8 : 2 using the train_test_split function with the
stratify parameter in scikit-learn to assess the performance
of machine learning models. The data were preprocessed
with StandardScaler and the imbalance between classes
was handled with RandomOverSampler in imbalanced-
learn®? (v0.12.2; https://github.com/scikit-learn-contrib/
imbalanced-learn). The Relieff in scikit-rebate®® (v0.62;
https://github.com/EpistasisLab/scikit-rebate) was used to
score the contributing features from pathway profiles
analysed by GSVA®* (v1.42.0; https://github.com/rcastelo/
GSVA) using REACTOME™ in MSigDB**®’ (v7.4; https://
www.gsea-msigdb.org/gsea/msigdb) for MSI classification,
and 44 features were selected for model training. We used
GridSearchCV and StratifiedShuffleSplit for 10-fold cross-
validation to identify the optimal hyperparameters. The
parameters that yielded the highest precision and recall
were selected, and the classification model was fitted to
the training set using these optimal parameters. We then
used several metrics in scikit-learn to evaluate the perfor-
mance of the model on the test dataset, including
confusion_matrix, roc_curve, precision_recall_curve,
average_precision_score, accuracy_score, cohen_kappa_-
score, f1_score, balanced_accuracy_score, and
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matthews_corrcoef. We exported ‘coef ' to examine the
importance of the features in the model. For the second
model, which was used to further classify MSI class 1 tu-
mours, we used RobustScaler for data preprocessing and
SMOTE to balance the sample between classes. The first
and second models were built using the same algorithm
and model construction process (Supplementary
Figure S5A, available at https://doi.org/10.1016/j.esmogo.
2025.100268), but with a different set of contributing
features, with the second model incorporating only the
abovementioned signatures from IOBR. We carried out
comparisons between several machine learning models,
and linear support vector classification (SVC) outperformed
other models in terms of the area under the precision-
recall curve (AUPRC) and area under the receiver operating
characteristic curve (AUROC) when tested on the testing
set. The MSI classification model is available on https://
github.com/SkymayBlue/msiclassifier.

Survival analyses

Cox’s proportional hazards models were built to determine the
prognostic impact of clinical and genomic features using R
Statistical Software®® (v4.3.3) via the survival R package®
(v3.5-6). In this study, survival analyses were carried out with
stage I-lll patients. Univariable Cox regression was carried out
on the predicted neoantigen derived from mutations in more
than five tumours. Multivariable Cox regression was carried
out with co-variates including tumour site, pretreatment sta-
tus, tumour stage, age groups, and tumour grade. In NIPICOL
and ImmunoMSI, the validation datasets, multivariable Cox
regression was applied with co-variates including sex and age
groups. The progression-free survival (PFS) curves of patients
from these two datasets were constructed using the Kaplan—
Meier method and the differences between groups were
assessed using the log-rank test by the survminer R package®’
(v.0.4.9; https://github.com/kassambara/survminer).

RESULTS

Clinical and molecular characteristics of MSI CRCs

We first analysed WGS (~52x coverage) and WTS (~68M
reads) data from MSI CRC tumours and their matched
normal adjacent tissues or blood control samples, to
characterize the diverse TME and genetic features of the
two subclasses (Supplementary Table S1, available at
https://doi.org/10.1016/j.esmo0go.2025.100268). The MSI
class 1 tumours (n = 152) were characterized by a pro-
nounced presence of immune and stromal cells, including T
cells, M1 and M2 macrophages, and fibroblasts. This cor-
responded with elevated expression of immune- and
stromal-related pathways and signatures, such as T-cell
regulation, tumour necrosis factor alpha (TNF-a), extracel-
lular matrix remodelling, transforming growth factor (TGF)-
B signalling, and EMT (Figure 1A and Supplementary
Table S2, available at https://doi.org/10.1016/j.esmogo.
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2025.100268). Compared with MSI class 1, MSI class 2 tu-
mours (n = 71) demonstrated higher activity in the vascular
endothelial growth factor (VEGF) and PI3K pathways, and
up-regulation of the epithelial signature (Figure 1A and
Supplementary Table S2, available at https://doi.org/10.
1016/j.esmo0go.2025.100268). In addition, most metabolic
pathways were more activated in MSI class 2 than in class 1
tumours, aligning with the significantly higher expressions
of all protein-coding genes in mitochondrial DNA in MSI
class 2 (Supplementary Figure S1A, Table S3A and B,
available at https://doi.org/10.1016/j.esmogo.2025.
100268). In contrast, the expression levels of immune
checkpoint genes (CD274, PDCD1, and CTLA4), IFN-y,
immune-related pathways, and signatures were all signifi-
cantly lower in MSI class 2 tumours, with some established
signatures of immune activation (Immunoscore® and
TIDE)*>®' even lower than in MSS cases (Figure 1A and
Supplementary Figure S1B, available at https://doi.org/10.
1016/j.esm0go.2025.100268). We also found reduced
expression of PTEN in MSI class 2 tumours, which may
cause the immunosuppressive TME and partially explain
the higher activation of VEGF and PI3K pathways®
(Supplementary Figure S1B and Table S3B, available at
https://doi.org/10.1016/j.esmo0go0.2025.100268).  Consis-
tent with these observations, class 1 had more often
mucinous tumours (41.4%), CMS 1 (immune activation
type, 66.4%), or CMS 4 tumours (mesenchymal type,
14.5%), while the MSI class 2 had a higher proportion of
CMS 3 tumours (metabolic type, 33.8%) (Figure 1B).
While no difference in total TMB was found between
MSI class 1 and class 2 tumours, the MSI class 2 cases
harboured significantly higher numbers of indel and CNV
mutations (Figure 1C). These elevated mutations in MSI
class 2 tumours may be attributed to the notable decrease
in mutL homolog 1 (MLH1) expression (Figure 1D and
Supplementary Figure S1C, available at https://doi.org/10.
1016/j.esmo0go.2025.100268), since loss of MLH1 may
cause unrestrained DNA excision, leading to increased DNA
breaks and aberrant DNA repair intermediates.®® The sup-
pression of MLH1 expression in MSI class 2 tumours may
result from hypermethylation of its promoter, as no dif-
ference in MLH1 mutation prevalence was observed be-
tween MSI class 1 and 2 tumours (Figure 1A and
Supplementary Table S2, available at https://doi.org/10.
1016/j.esmo0go.2025.100268). The  MLH1 hyper-
methylated endometrial MSI tumours, rather than those
with MLH1 mutations, have been found to display a more
immune-cold phenotype.®® Interestingly, a similar pattern
was also observed in MSI class 2 tumours, marked by
reduced immune cell infiltration, immune activation, and a
lower abundance of inflamed T cells (Supplementary
Figure S1B and D, Table S3B, available at https://doi.org/
10.1016/j.esm0go.2025.100268). This may be attributed
to the insufficient expression of key components of
downstream cyclic GMP-AMP synthase-stimulator of
interferon genes (cGAS-STING) pathway in these tumours
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Figure 1. Clinical and molecular features of two subclasses identified previously from
transcriptomic characteristics of 223 MSI tumours by subclasses. Only pathways and si
included. Clinical features and colorectal cancer (CRC) subtypes for each sample are disp

223 MSI tumours. (A) Mutation status of DNA mismatch repair (MMR) genes and
ignatures with a minimum of five tumours showing an expression score >0 are
layed on the left. (B) Clinical features of MSI class 1 (n = 152) and class 2 (n = 71)

tumours. Numbers in pie charts represent the percentage of patients or tumours in each category. P values are indicated above each plot (P < 0.05 is considered statistically
significant, two-sided chi-square test). (C) Tumour mutation burden (TMB) by mutation type in the two MSI subclasses. P values are indicated above each plot (P < 0.05, two-

sided Wilcoxon rank sum test). (D) Expression levels [log1o(TPM+1)] of MMR genes in MSI

class 1 (orange), class 2 (blue), and MSS (green) (n = 840) tumours [*false discovery

rate (FDR)-adjusted P < 0.05, **FDR-adjusted P < 0.01, ***FDR-adjusted P < 0.001, ****FDR-adjusted P < 0.0001, two-sided Wilcoxon rank sum test]. (E) Median scores of
signatures derived from immuno-oncology biological research (IOBR) (left), and median scores of previously reported immune signatures [Immunoscore (IS), T-cell score, and
immunologic constant of rejection (ICR)] (right) are presented for MSI class 1 (orange) and MSI class 2 (blue) tumours (****FDR-adjusted P < 0.0001, two-sided Wilcoxon
rank sum test). In all boxplots, boxes represent the interquartile ranges (IQRs) between the first and third quartiles, the centre line represents the median, and the whiskers

extend 1.5 times the IQR from the top and bottom of the box.
CAF, cancer-associated fibroblast; CMS, consensus molecular subtypes; CRPS, colorectal ¢
growth factor receptor; EMT, epithelial—mesenchymal transition; IL, interleukin; indel,

ancer prognostic subtype; DNP, double nucleotide polymorphism; EGFR, epidermal
insertion and deletion; MAPK, mitogen-activated protein kinase; MDSC, myeloid-

derived suppressor cell; MSI, microsatellite instable; NK, natural killer; PD-1, programmed cell death protein 1; SNP, single nucleotide polymorphism; SV, structural varia-

tion; TAM, tumour-associated macrophage; TGF, transforming growth factor; TNF, tumou
VEGF, vascular endothelial growth factor.

(Supplementary Table S4, available at https://doi.org/10.
1016/j.esmogo.2025.100268).°

Notably, MSI class 1 tumours exhibited a contradictory
immune profile, evidenced by high activity in both T-cell-
positive and -negative regulation pathways, along with

6 https://doi.org/10.1016/j.esmogo.2025.100268

r necrosis factor; TNP, triple nucleotide polymorphism; TPM, transcripts per million;

concurrent enrichment of CD8+ T cells and regulatory T cells
(Figure 1A). Additionally, signatures comprising pivotal genes
in shaping antitumour immunity (CD8 T effector) and tumour
immune escape (MDSCs, CAFs, and TAMs) were synchro-
nously up-regulated®>** (Figure 1E). This blended picture was
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also reflected in the markers of different cell types in MSI
class 1 tumours, with both T cells and cells that restrict T-cell
infiltration in tumours (CAFs, MDSCs, and M2 subtype of
TAMs)"® (Supplementary Figure 1D and Table $3B, available
at https://doi.org/10.1016/j.esmogo.2025.100268). These
findings prompted us to further investigate the immune sta-
tus of MSI class 1 tumours.

MSI class 1 subdivided into two subclasses with distinct
immune and stromal characteristics

Based on integrated TME signatures within the I0BR
analytical workflow,** we further classified MSI class 1 tu-
mours into two subclasses with an unsupervised clustering
algorithm. Overall, the 152 MSI class 1 CRC patients were
categorized into MSlI class 1a (n = 73) and 1b (n = 79), with
class la tumours exhibiting an immune exclusion and
suppression TME phenotype, while class 1b showing acti-
vated antitumour immunity (Figure 2A).

The MSI class 1a had more CMS 4 tumours and demon-
strated a significant elevation of signatures related to stromal
activation, T-cell exclusion, and exhaustion. On the contrary,
MSI class 1b tumours showed enhanced expression of DNA
repair pathway components (DDR, MMR, and homologous
recombination-related pathways) and higher expression of
signatures closely associated with the treatment efficacy of
ICls, including APM, CD8+ T effector,®® and TMEscoreA
(antitumour immunity).*® The higher DNA repair activity in
class 1b may contribute to the higher TMB and heightened
immune responses observed in this subclass, supporting a
potential causal link between DNA repair signalling and im-
mune activation®” (Figure 2A-C and Supplementary Table 54,
available at https://doi.org/10.1016/j.esmogo.2025.100268).
To extend these findings, we assessed the mRNA expression
levels of related cytokines and used Cytosig*® to analyse the
cytokine signalling cascades from the transcriptomic data.
Correspondingly, MSI class 1a tumours displayed higher levels
of tumour-promoting inflammatory factors, such as TNF-a.
and interleukin (IL)-6, which are known to support the
expansion and augment the functions of immunosuppressive
cells, including regulatory T cells (Tregs) and MDSCs*®
(Figure 2D and E, Supplementary Figure S2, Tables S4 and S5,
available at https://doi.org/10.1016/j.esmogo.2025.100268).
In line with these results, pathways strongly correlated with
these proinflammatory factors were also significantly up-
regulated. For instance, the toll-like receptor 4 (TLR4), which
mediates the TLR4/MYD88 pathway to contribute to immune
evasion by promoting an inflammatory environment,®®°
showed higher expression levels in MSI class 1a tumours.
Similarly, genes encoding enzymes and receptors involved in
the cyclooxygenase/prostaglandin E2 (COX/PGE,) pathway, a
key suppressor of natural killer (NK) cell and T-cell-mediated
tumour elimination,’® were also increasingly expressed. This
aligned with the observation that CD8+ T cells were relatively
less abundant, while NK resting cells were enriched in MSI
class 1a (Figure 2E, Supplementary Figure S2 and Table S4,
available at https://doi.org/10.1016/j.esmogo.2025.100268).
In addition, immunosuppressive factors, such as IL-10,
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cytokines related to TGF-8 signalling,”"’? and CXCL12, which
is involved in T-cell exclusion,® were all elevated in MSI class
1latumours (Figure 2D, Supplementary Figure 2, Tables S4 and
S5, available at https://doi.org/10.1016/j.esmogo.2025.
100268). In contrast, MSI class 1b tumours showed mark-
edly increased expression of antitumour immune mediators,
including IFN-y and IL-12”° (Figure 2D and Supplementary
Figure S2, available at https://doi.org/10.1016/j.esmogo.
2025.100268). Likewise, CXCL9 and CXCL10, chemokines
associated with cytotoxic T-cell recruitment,’? also showed a
trend of elevation in MSI class 1b tumours, collectively indi-
cating an enhanced antitumour immune microenvironment
(Figure 2D, Supplementary Figure S2, Tables S4 and S5,
available at https://doi.org/10.1016/j.esmo0go.2025.100268).
Compared with MSI class 1a and 1b, class 2 tumours did not
exhibit significantly up-regulated immune features and, as
previously described, presented an ‘immune-cold’ state
(Figure 2E).

After categorizing MSI tumoursinto three classes based on
their transcriptome-derived characteristics of TMEs, we
explored genetic features associated with each MSI CRC
subclass. Building on our previous findings of mutational
signatures,” we added de novo analysis of CNV and SV sig-
natures, and carried out comparisons across the three sub-
classes (Supplementary Figure S3A and Table S6A, available
at https://doi.org/10.1016/j.esmogo.2025.100268). We
identified 11 CNV and 10 SV de novo signatures, which were
further decomposed into 7 COSMIC CNV and 9 COSMIC SV
signatures, respectively. Of note, a newly identified signa-
ture, termed CN-CRC1, was predominantly detected in 17
cases of MSlI class 2 tumours, compared with only two cases
in class 1a, and strongly correlated with the chromosomal
instability CN12 signature [r = 0.37, false discovery rate
(FDR)-adjusted P = 6.62 x 10 ’; Supplementary Tables S6B
and S7, available at https://doi.org/10.1016/j.esmogo.2025.
100268], suggesting higher chromosomal instability in
class 2.

No significant differences in the frequencies of somatic
mutations in CRC oncogenic pathways were observed across
the three MSI subclasses (Supplementary Figure S3B, avail-
able at https://doi.org/10.1016/j.esmo0go.2025.100268).
However, class 1b and class 2 tumours had remarkably higher
mutation rates in immune-modulating pathways, with class
1b showing a higher frequency of LOH in HLA-A, HLA-B, and
HLA-C compared with those in class 1la (P < 0.05,
Supplementary Table S8, available at https://doi.org/10.
1016/j.esm0go.2025.100268). An increased number of ge-
netic events that facilitate immune escape is often associated
with a high mutational load and high predicted neoantigen
burden.** We next predicted neoantigens and assessed the
mutations responsible for neoantigen generation in the MSI
tumours. The most frequently occurring neoantigens were
derived from mutations in RNF43 p.G659, which produced
four neoantigens (21.97%), followed by TBC1D23 p.K647
(11.66%), THAP5 p.K99 (8.52%), CKAP2 p.K604 (8.07%), and
BMPR2 p.E581 (7.62%) (Supplementary Figure S3C and
Table S9A, available at https://doi.org/10.1016/j.esmogo.
2025.100268). By comparing the neoantigen burdens and
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Figure 2. Partitioning of MSI class 1 tumours into two subclasses with distinct immune and stromal characteristics by unsupervised clustering. (A) Unsupervised
clustering of transcriptome data of 43 IOBR signatures further divided MSI class 1 CRCs in two subclasses. Columns represent tumours (MSI class 1a, n = 73; MSI
class 1b, n = 79) annotated with clinical features, CRC subtypes, and MSI status. The colour scale represents the scaled score of expression for each signature. (B)
Signature scores derived from I0BR for MSI class 1a (red) and MSI class 1b (yellow) tumours [*false discovery rate (FDR)-adjusted P < 0.05, **FDR-adjusted P < 0.01,
***FDR-adjusted P < 0.001, ****FDR-adjusted P < 0.0001, two-sided Wilcoxon rank sum test]. (C) MSI scores generated using MSI sensor by subclass. Clinical
features, CRC subtypes, and mutation burdens for each sample are shown at the bottom. (D) Cytokine expression levels grouped by families in MSI class 1a (red), MSI
class 1b (yellow), and MSlI class 2 (blue) tumours (*FDR-adjusted P < 0.05, **FDR-adjusted P < 0.01, ***FDR-adjusted P < 0.001, ****FDR-adjusted P < 0.0001, two-
sided Wilcoxon rank sum test). (E) Transcriptomic characteristics of MSI tumours by three subclasses. The colour scale represents the scaled score of expression for
each pathway, cell composition, or signature. (*FDR-adjusted P < 0.05, **FDR-adjusted P < 0.01, ***FDR-adjusted P < 0.001, ****FDR-adjusted P < 0.0001,
Kruskal—Wallis rank sum test). In all boxplots, boxes represent the interquartile ranges (IQRs) between the first and third quartiles, the centre line represents the
median, and the whiskers extend 1.5 times the IQR from the top and bottom of the box.

APM, antigen-processing machinery; CAF, cancer-associated fibroblast; CMS, consensus molecular subtypes; CNV, copy number variation; CRC, colorectal cancer;
CRPS, colorectal cancer prognostic subtype; DDR, DNA damage response; DNP, double nucleotide polymorphism; EGFR, epidermal growth factor receptor; EMT,
epithelial—mesenchymal transition; IFN, interferon; IL, interleukin; indel, insertion and deletion; I0BR, immuno-oncology biological research; MAPK, mitogen-
activated protein kinase; MDSC, myeloid-derived suppressor cell; MSI, microsatellite instable; NK, natural killer; PD-1, programmed cell death protein 1; SNP,
single nucleotide polymorphism; SV, structural variation; TAM, tumour-associated macrophage; TGF, transforming growth factor; TME, tumour microenvironment;
TNF, tumour necrosis factor; TNP, triple nucleotide polymorphism; TPM, transcripts per million; VEGF, vascular endothelial growth factor.

neoantigen-generating mutations across the three MSI sub- adjusted P < 0.01, Supplementary Figure S3D and Table S9B,
classes, we found that MSI class 2 patients had the highest available at https://doi.org/10.1016/j.esmo0go0.2025.100268).
counts in both, while class 1a patients had the lowest (FDR- Despite the large number of neoantigens identified in each
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Figure 3. Validation of MSI subclasses in MSI tumours from external datasets. Validation of molecular characteristics of MSI subclasses using MSI tumours from
eight external published cancer datasets, including GSE39582 (n = 75), GSE62254 (n = 68), AC-ICAM (n = 57), NIPICOL (n = 44), ImmunoMSI (n = 72), TCGA-

COADREAD (colon and rectal adenocarcinoma, n = 88), TCGA-STAD (stomach

adenocarcinoma, n = 76), and TCGA-UCEC (uterine corpus endometrial carcinoma,

n = 166). The TCGA-PANCANCER dataset was formed by combining MSI tumours from TCGA-COADREAD, TCGA-STAD, and TCGA-UCEC. Transcriptomic data from

these datasets were uniformly processed and transformed to pathway profiles
pathways expressions, signatures scores, expression levels of immune-related
CAF, cancer-associated fibroblast; EGFR, epidermal growth factor receptor; EM

using ssGSEA. The median values of TMB (top), and scaled data of CIBERSORT scores,
genes, and methylation levels of MLH1 were analysed.
T, epithelial—mesenchymal transition; ICR, immunologic constant of rejection; IOBR,

immuno-oncology biological research; MDSC, myeloid-derived suppressor cell; MSI, microsatellite instable; NK, natural killer; PD-1, programmed cell death protein 1;

ssGSEA, single-sample pathway profiles; TAM, tumour-associated macrophag

e; TGF, transforming growth factor; TMB, tumour mutation burden; TME, tumour

microenvironment; TNF, tumour necrosis factor; VEGF, vascular endothelial growth factor.

MSI subclass, the neoantigen-generating mutations that
significantly associated with overall survival or recurrence-
free survival of MSI patients were all indicative of poor
prognosis, suggesting that these mutations may promote MSI
tumour progression rather than confer an antitumour im-
mune advantage (Supplementary Table S10, available at
https://doi.org/10.1016/j.esm0go.2025.100268). In addition
to frequent HLA class | abnormalities, MSI tumours commonly
harbour a higher rate of significantly mutated genes involved
in immunoediting, enabling them to circumvent immune
surveillance.** Therefore, we further analysed LOH and mu-
tations in HLA-A, HLA-B, and HLA-C genes, as well as somatic
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mutations in key genes involved in antigen presentation and
processing (APGs).” We observed a tendency for a higher
proportion of immune-escape mutations in class 1b and
confirmed previous findings that, apart from LOH of HLA al-
leles, MSI tumours tend to rely more on alternative immune
evasion strategies compared with MSS tumours, as reflected
in their higher proportion of mutated APGs (Supplementary
Figure 3E and Table S11, available at https://doi.org/10.1016/
j.esmogo.2025.100268). Finally, we examined the frequency
of HLA alleles across MSI subclasses and the expression level
of HLA genes. While the distributions of allele frequency
exhibited little difference among the three subclasses, MSI
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Table 1. Characteristics of MSI subclasses

Level MSI class 1a MSI class 1b

Immune-excluded

Immune-infiltrated

MSI class 2
Immune-desert

Genome Low TNB and TMB

mutations

Stromal activation

Enrichment of CAFs, MDSCs, and TAMs
COX2/PGE,, TNF-d, EMT, and TGF-(
signalling

Transcriptome

Response to ICls

anti-CTLA4

High HLA LOH and APG genes

High immune activity and APM
Immune cell infiltration

Longer PFS with anti-PD-1 +

High TMB and TNB

MLH1 hypermethylation CN-CRC1
(correlated with COSMIC CN12 that indicates
chromosomal instability)

Epithelial features

Lack of immune cell infiltration

Active metabolism

Low levels of MLH1, PTEN, HLA, IFN-Y, hypoxia,
cGAS-STING

PI3K/VEGF pathway up-regulation

Longer PFS with anti-PD-1 + anti-CTLA4

Summary on genomic and transcriptomic features, and the response to ICls across three classes of MSI CRC.

APG, antigen-presenting or -processing gene; APM, antigen-processing machinery; CAF, cancer-associated fibroblast; CRC, colorectal cancer; CTLA4, cytotoxic T-lymphocyte-
associated protein 4; EMT, epithelial—mesenchymal transition; HLA, human leukocyte antigen; ICI, immune checkpoint inhibitor; LOH, loss of heterozygosity; MDSC, myeloid-
derived suppressor cell; MLH1, mutL homolog 1; MSI, microsatellite instable; PD-1, programmed cell death protein 1; PFS, progression-free survival; TAM, tumour-associated
macrophage; TGF, transforming growth factor; TMB, tumour mutation burden; TNB, tumour neoantigen burdens; TNF, tumour necrosis factor; VEGF, vascular endothelial growth

factor.

class 2 tumours displayed the lowest levels of HLA gene
expression (Supplementary Figure S4 and Table S12, available
at https://doi.org/10.1016/j.esmogo.2025.100268).

External validation of the characteristics of MSI subclasses

To evaluate the universality of molecular characteristics of
the three MSI subclasses, we developed a linear SVC-based
MSI classifier. The classifier consisted of two models: the
first was developed using key contributing features of MSI
classes 1 and 2, identified through unsupervised clus-
tering,” while the second was constructed using signatures
derived from IOBR and designed to further stratify MSI
class 1 tumours (Supplementary Figure S5A, available at
https://doi.org/10.1016/j.esm0go.2025.100268). Both
trained models of linear SVC MSI classifier outperformed
other machine learning models (Supplementary Figure S5B
and C, available at https://doi.org/10.1016/j.esmo0go0.2025.
100268), achieving accuracy, precision, recall value,
and F1 score > 89% (Supplementary Figure S5D, available
at  https://doi.org/10.1016/j.esmo0go.2025.100268). To
validate the MSI classifier, we analysed gene expression
data from 646 MSI tumours of all stages across eight co-
horts, including six independent MSI CRC cohorts and two
MSI cohorts encompassing other cancers [TCGA-STAD and
UCEC] (Supplementary Table S13A and Figure S5E, available
at https://doi.org/10.1016/j.esmo0go0.2025.100268). The
molecular features of each MSI subclass were recapitulated
in validation cohorts, with MSI class 1a tumours exhibiting
immune-evading features marked by prominent enrich-
ment of stromal-associated signatures and TGF-( pathway
activation, MSI class 1b displaying comparatively stronger
antitumour immune responses, and MSI class 2 consis-
tently showing low levels of immune activities and MLH1
expression (Figure 3, Supplementary Figure S6 and
Table S13B, available at https://doi.org/10.1016/j.esmogo.
2025.100268). Notably, analysis of methylation array data
of MSI tumour samples from the TCGA cohorts revealed
hypermethylation of CpG sites in the MLH1 promotor

10 https://doi.org/10.1016/j.esmo0go.2025.100268

(cg18320188, cg13846866, and cg02279071) in class 2 tu-
mours, supporting that reduction of expression of MLH1 in
these tumours is driven by promoter hypermethylation.
The expression of downstream cGAS-STING pathway of
MLH1 was also suppressed in class 2 tumours of the vali-
dation cohorts (Figure 3 and Supplementary Table S13,
available at https://doi.org/10.1016/j.esmogo.2025.
100268). Importantly, the features of the three MSI sub-
classes were reproduced in CRC as well as in other cancer
types, demonstrating the generalizability of the MSI sub-
classes characteristics and confirming the validity of the
MSI classifier (Table 1).

MSI subclasses predict efficacy of ICIs in patients with MSI
metastatic colorectal cancer (mCRC)

The three MSI subclasses showed no significant differences
in survival (Supplementary Table S14, available at https://
doi.org/10.1016/j.esmo0go.2025.100268); however, their
distinct immune-related molecular characteristics may in-
fluence the response to ICls. Previous studies have shown
that genes related to antitumour immunity are positively
correlated with response to ICI treatments, whereas im-
mune exclusion or immunosuppression are linked to poor
response to ICIs.">*’* |t is therefore reasonable to hy-
pothesize that, based on the transcriptomic characteristics
of each subclass, MSI classification may help predict the
efficacy of ICI treatment in CRC. To investigate this, we
integrated transcriptomic data from two external cohorts,
NIPICOL and ImmunoMSI, comprising 116 patients with
MSI mCRC treated with anti-PD-1 monotherapy or a com-
bination of anti-PD-1 and anti-CTLA4."® Indeed, patients
with MSI class 1a tumours tended to have shorter PFS
compared with those in MSI class 1b and class 2 (log-rank
P = 0.062; Figure 4A and B). Upon further stratification by
different types of immunotherapies, MSI class 1a consis-
tently showed inferior responses to ICls across all sub-
classes, regardless of the immunotherapy regimens,
whereas patients in class 1b had longer survival in the
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Figure 4. MSI subclass-dependent response to immune checkpoint inhibitor (ICl)-based immunotherapy in mCRC patients. (A) Univariate and multivariate analysis
for progression-free survival (PFS) according to MSI classification for MSI tumours from the NIPICOL and ImmunoMSI cohorts. Hazard ratio (HR) values, corre-
sponding 95% confidence intervals, and P values were calculated by the Cox proportional hazard regression. (B) PFS of patients stratified into three MSI subclasses.
(C) PFS by MSI subclass treated with different ICI regimens. (D) PFS by MSI subclass treated with combination of anti-programmed cell death protein 1 (PD-1) plus
anti-cytotoxic T-lymphocyte-associated protein 4 (CTLA4). (E) PFS in MSI class 1a treated with different ICI regimens. (F) PFS in MSI class 2 treated with different ICI
regimens. In B-F, adjusted HR (aHR) and P (aP) values or HR and P values were calculated by multivariable Cox with or without adjustment for sex and age. Kaplan—
Meier survival curves (P < 0.05, log-rank test). (G) Pathways or signatures from transcriptomic data of the NIPICOL and ImmunoMSI datasets and their associations
with PFS by MSI subclass (left), and stratification by treatment (right). HR (log1oHR) and 95% Cl by multivariable Cox proportional hazard regression after adjusting for
age and sex. P values for the associated HRs are shown in the bar chart on the right (—logyo P value, P < 0.05 is indicated in the chart).

CAF, cancer-associated fibroblast; EMT, epithelial—mesenchymal transition; ICR, immunologic constant of rejection; IFN, interferon; MSI, microsatellite instable;
TAM, tumour-associated macrophage; TME, tumour microenvironment;
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monotherapy and combination therapy groups (log-rank
P = 0.058; Figure 4C and Supplementary Table S15A,
available at https://doi.org/10.1016/j.esmogo.2025.
100268). When analysing only patients given combination
immunotherapy, MSI subclasses showed strong prognostic
ability, with MSI class 2 having the longest and class 1a
having the shortest PFS [log-rank P = 0.01; adjusted HRpgg
0.18, 95% confidence interval (Cl) 0.05-0.71, adjusted P =
0.014, Figure 4D]. Notably, the prognostic outcomes
differed within class 2, with combination therapy demon-
strating significantly superior efficacy compared with anti-
PD-1 monotherapy (Figure 4E and F, adjusted HRpps 0.13,
95% Cl 0.02-0.96, adjusted P = 0.045).

We then assessed the associations between
transcriptomics-derived molecular features and PFS within
MSI  subclasses, further stratified by ICI regimens
(Figure 4G). Among all molecular features, fatty acid
metabolism pathways were consistently correlated with
better PFS, while the immunosuppressive and stromal-
related signalling pathways (for example, cytokines
related to TGF-0 signalling and signatures of EMT and
matrix remodelling) were negatively associated with PFS in
MSI class 1a patients (Supplementary Table S15B, available
at https://doi.org/10.1016/j.esmo0go.2025.100268).

DISCUSSION

Approximately one-third of MSI CRC patients are resistant
to ICls, leaving a pressing need for better patient stratifi-
cation. This variable response to immunotherapy reflects
the significant TME heterogeneity of MSI CRC tumours,
which impacts tumour subtyping and impedes treatment
optimization.””” Leveraging WGS and WTS sequencing data
from MSI CRC tumours of the population-based U-CAN
cohort, we identified three molecular subclasses largely
driven by differences in TME composition. Importantly, by
establishing deeper correlations between genetic features
and immune microenvironment characteristics within each
distinct MSI CRC subclass, we reveal that they cannot be
discriminated by MSI status alone or a single criterion such
as TMB, but rather arise from intricate interactions among
genetic features, stromal components, and immune activ-
ities. The three subclasses were validated in external co-
horts, and aligned with the three tumour-immune
phenotypes, immune-excluded (MSI class 1a), immune-
infiltrated (MSI class 1b), and immune-desert (MSI class
2) phenotypes.

The tumour immunity continuum, constructed based on
the quantity and spatial distribution of CD8+ T cells in
relation to stromal compartments and tumours, has
increasingly clarified the relationship between the tumour
immune microenvironment and immunotherapy effi-
cacy.”*’® In addition to well-known features of immune
exclusion, such as an abnormally high abundance of stro-
mal cells, elevated EMT and TGF signalling, and myeloid
inflammation,®®’” we found that MSI class 1a tumours also
employ other mechanisms to further evade immune
recognition. In particular, the COX2/PGE, pathway was
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highly activated, accompanied by an enrichment of quies-
cent NK cells and a relatively lower abundance of T cells in
class 1la. These findings are in line with previous studies
that the COX2/PGE, pathway facilitates tumour immune
evasion by compromising the activity and function of NK
cells and that COX2 expression is inversely correlated with
NK cell and T-cell levels in human cancers.”® The absence of
tumour-infiltrating lymphocytes and suppressed immune
activity in class 2 tumours characterize the immune-desert
phenotype, which is also modulated by multiple mecha-
nisms. Given that T cells share similar metabolic program-
ming with tumours, tumours in class 2 with high metabolic
activity may outcompete T cells for resources in coordi-
nating glycolysis, glutaminolysis, and fatty acid metabolism
to meet functional demands.”’ Furthermore, the low
expression of PTEN combined with PI3K pathway activation
observed in class 2 tumours has previously been linked to
the obstruction of T-cell infiltration in multiple cancers.®*%°
Beyond the mechanisms validated in prior studies, we also
identified a correlation between MLH1 hypermethylation
and the immune-cold phenotype. While the specific mo-
lecular mechanisms remain to be fully elucidated, this
correlation was validated in the external MSI CRC and pan-
cancer cohorts, and similar associations have been
observed in endometrial MSI tumours.* One plausible
explanation involves the cGAS-STING pathway, as MLH1-
deficient tumours often exhibit increased chromosomal
instability and an accumulation of cytosolic DNA, leading to
the activation of the cGAS-STING pathway and subsequent
immune stimulation.®® However, cGAS expression is
reduced in some MLH1-deficient tumours, such as those
observed in class 2, where cGAS expression was the lowest
in the three MSI subclasses, resulting in a reduced infil-
tration of CD8+ T cells.®® Besides the antitumour immune
microenvironment, the capacity for antigen production and
presentation is also a critical factor in effective antitumour
responses.®’ We showed that class 1a tumours exhibited
the lowest TNB but the highest overall expression of HLA,
whereas class 2 displayed the opposite pattern with the
highest TNB but the lowest expression of HLA and com-
ponents of the antigen presentation machinery, leaving
class 1b as the only subclass with a relatively intact antigen
presentation. Together, these findings provide a molecular
foundation for the MSI subclass-dependent response to ICI
therapies.

To understand whether the MSI subclasses could predict
response to immunotherapy, we explored their clinical
relevance in two independent cohorts of MSI mCRC pa-
tients treated with ICls. As would be predicted, immune-
infiltrated class 1b tumours demonstrated a higher sur-
vival probability with both anti-PD-1 monotherapy and
combination therapy, while immune-excluded class 1la tu-
mours exhibited relatively poor responses to these treat-
ments. In class 1la tumours, targeting inhibitory receptors
on tumour-infiltrating lymphocytes would be less effective
due to the molecular barriers preventing T cells from
reaching the tumours. Therefore, strategies that facilitate
the recruitment of T cells into these tumours may help
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boost their responses to ICls.”” Interestingly, compared

with anti-PD-1 monotherapy, combination therapy showed
significantly improved efficacy in class 2 tumours. Although
MLH1 hypermethylation in these tumours may contribute
to an increased antigen load, the concurrent loss of antigen
presentation and impaired immune activity likely render
them less responsive to the monotherapy. These re-
strictions might be partially overcome by restoring T-cell
activation and differentiation with CTLA4 inhibitors,®?
which would reveal the antitumour effects of anti-PD-1
that were ineffective when administered as monotherapy
in class 2 tumours.

The high TMB serves as a clinical marker for PD-1 inhibitor
therapy in patients with unresectable or metastatic tu-
mours.®®> However, our findings suggest that this standard
approach should be considered in the right context, particu-
larly for MSI CRC tumours with MLHI hypermethylation. In
addition, significant differences in ORR and PFS persist among
ICl-treated patients with different MSI cancers,®* including
UCEC and STAD. Using our MSI classifier, we confirmed that
these MSI tumours also include subtypes similar to class 2 in
CRC, highlighting the need for more precise stratification of
MSI cancer patients and more nuanced therapeutic ap-
proaches. In conclusion, we have provided new perspectives
on the heterogeneity of MSI CRC by integrating genomic and
transcriptomic characteristics to propose three subclasses,
defined the unique molecular signatures associated with each
subclass, and explored potential links to subtype-dependent
response to ICl treatment. These findings provide a basis for
the development of tailored treatment strategies for MSI
cancer patients.

Limitation of this study

Our study represents the largest and most comprehensive
multi-omics analysis of MSI tumours to date. However,
several limitations should be acknowledged. (i) Despite the
detailed investigation of the heterogeneous immunoge-
nomic features of these tumours by integrating WGS and
WTS data, future research utilizing spatial transcriptomics,
proteomics, single-cell technologies, and both in vitro and
in vivo experiments will be necessary to fully capture the
TME at the cellular level across different MSI subclasses,
providing a deeper understanding of their roles in MSI CRC
pathogenesis. (ii) The predictive value of MSI classifiers for
response to ICl therapy is modest, likely due to the limited
number of cases in external immunotherapy cohorts, which
also consist solely of mCRC, potentially limiting the model’s
performance. Since the MSI classifier was trained on tu-
mours across all stages, its predictive ability may be
somewhat restricted when applied to cohorts composed
exclusively of metastatic cases, as the molecular landscapes
of advanced tumours differ substantially from those of
early-stage disease. While the molecular basis underlying
the observed clinical differences is robust and provides
strong support for relevant clinical inferences, our findings
need to be further validated in larger, multi-omics-based

Volume 10 m Issue C m 2025

immunotherapy clinical cohorts. (iii) Our study revealed
that MLH1-deficient or MLH1 hypermethylation MSI CRC
tumours are associated with the immune-cold phenotype,
a finding partially extended to MSI tumours in other cancer
types. However, molecular heterogeneity across tumour
types necessitates further validation of their clinical impli-
cations in tumour-specific ICI-treated cohorts.
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