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Abstract: Microsatellite instability-high (MSI-H) is a critical biomarker for immunotherapy, yet primary resistance 
remains a significant challenge. Current MSI-H detection methods evaluate the proportion of MSI-H loci, termed 
molecular MSI-H score, which can be affected by intratumoral heterogeneity (ITH). To address this limitation, we 
propose evaluating MSI-H at the cellular level to improve the prediction of immunotherapy outcomes. Using bulk tis-
sue (TCGA-CRC) and cell line (CCLE-CRC) datasets, we identified genes highly expressed in MSI-H and MSS samples. 
These signatures were applied to a single-cell RNA sequencing (scCRC) dataset for enrichment analysis, enabling 
classification of tumor cells into MSI-H, MSS, and microsatellite dual (MSD) clusters using a Gaussian finite mixture 
model. Validation showed that MSI-H and MSS enrichment scores were higher in mismatch repair-deficient (MMRd) 
and mismatch repair-proficient (MMRp) patients, respectively. Functional enrichment analysis revealed that MSI-H 
cells were associated with pathways such as carboxylic acid catabolism, inflammatory responses, and IL-6/JAK2/
STAT3 signaling. We developed a cellular MSI-H signature using genes specifically expressed in the MSI-H cell clus-
ter and transformed the scCRC dataset into a cell-type-specific pseudobulk expression matrix. Using this matrix as 
a reference, we performed reference-based deconvolution on TCGA-CRC data. We defined the deconvolution score 
of MSI-H cell as cellular MSI-H score. This score strongly correlated with the molecular MSI-H score (R = 0.55, P < 
0.001) and showed modest correlations with macrophage (MoMac, R = 0.14) and CD8+ T-cell (R = 0.11). To inves-
tigate its potential for clinical application, we applied the cellular MSI-H signature to the BJ-cohort, comprising 97 
immunotherapy-treated gastrointestinal patients sequenced with a 395-gene panel. The cellular MSI-H score was 
significantly higher in responders (P = 0.002), positively correlated with tumor reduction percentage (R = 0.29, P = 
0.006), and associated with improved progression-free survival (PFS) (HR: 0.00, 95% CI: 0.00-0.31, P = 0.021). In 
summary, the cellular MSI-H score reflects the MSI-H cell level within a tumor and demonstrates superior accuracy 
compared to molecular MSI-H status in predicting immunotherapy response and PFS. This underscores its potential 
as a more robust biomarker for guiding immunotherapy decisions.
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Introduction

Gastrointestinal cancer is a prevalent malig-
nancy worldwide [1]. One well-described genet-
ic subset of gastrointestinal cancers, ranging 

from 10-15%, is characterized by mismatch 
repair-deficient (MMRd)/microsatellite insta- 
bility-high (MSI-H) status. Immune-checkpoint 
inhibitors (ICIs) have demonstrated notable 
clinical efficacy as first-line treatment for meta-
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static MMRd/MSI-H gastrointestinal cancer [2]. 
Despite these encouraging results, about half 
of the patients do not respond to ICIs, showing 
primary resistance to immunotherapy. Recent 
evidence suggests that misdiagnosis of MMRd/
MSI-H status may account for a substantial 
portion of these primary resistant cases [3, 4]. 
Besides the misinterpreted diagnostic results, 
the intra-tumoral heterogeneity (ITH) is the 
major reason for the misdiagnosis of MMRd/
MSI-H status [5, 6], and the most immediate 
indicator of ITH lies in the proportional compo-
sition of various cell types within the tumor 
microenvironment.

MSI detection currently relies on assessing the 
ratio of unstable microsatellite loci to the total 
tested microsatellite loci in the genome, yield-
ing a molecular MSI-H score. Tissues are then 
qualitatively classified as MSI-H or MSS based 
on predefined molecular MSI-H score thresh-
olds. Approximately 20 million microsatellite 
(MS) loci exist in the entire genome [7], with 
only about 1 in 40 loci being detectable through 
whole exome sequencing (WES). Various panel-
based algorithms have been developed, but 
most only encompass a fraction of MS loci.  
For instance, the FoundationOne 395-gene pa- 
nel includes around 1800 MS loci [8], the 
Guardant360 74-gene panel incorporates 99 
MS loci [9], and the Burning Rock 36-gene 
panel covers 18 MS loci [10]. These methods 
initially assess the instability of each MS locus 
based-on length distribution, then calculate 
the proportion of MSI-H loci in the genome. 
Generally, when this ratio exceeds 40%, the 
sample is considered MSI-H tissue [10, 11]. 
The resulting MSI score obtained through this 
approach reflects the molecular-level propor-
tion of MSI-H loci, indirectly indicating the pres-
ence of MSI-H cells in the tumor microenviron-
ment. However, the accuracy of this method is 
influenced by ITH [5] as indicated by the rela-
tively high primary resistance rates. With the 
maturation of single-cell technologies, it is now 
possible to analyze the tumor microenviron-
ment at the cellular level. This suggests that by 
identifying the MSI status of each cell, we can 
decipher the proportion of MSI-H cells in the 
tumor microenvironment, overcoming ITH, pro-
viding a basis for evaluating the effectiveness 
of immunotherapy.

Materials and methods

Bulk tissue, cell-line, and single-cell RNA se-
quencing data acquisition and preprocess

We retrieved public transcriptome datasets 
from three dimensions: bulk tissues from The 
Cancer Genome Atlas (TCGA-CRC) and Gene 
Expression Omnibus (GEO, GSE39582), cell 
lines from the Cancer Cell Line Encyclopedia 
(CCLE-CRC), and single-cell data from GEO 
(scCRC). The TCGA-CRC dataset (N = 360) was 
obtained from UCSC-Xena (http://xena.ucsc.
edu/), with molecular MSI-H scores provided by 
MANTIS [11]. Among them, 64 cases exhibited 
MSI-H, while 296 cases were MSS. The CRC 
cell line data (N = 57) was downloaded from 
CCLE (https://depmap.org/portal) with version 
2020Q4, comprising 38 with MSS and 19 with 
MSI-H. Single-cell transcriptome data (scCRC) 
from 28 MMRp and 34 MMRd primary treat-
ment-naïve CRC patients were acquired from 
GEO (GSE178341), excluding one MMRp pa- 
tient and one MMRd patient lacking tumor tis-
sues. This comprised 105,122 epithelial cells 
and many other cells. The GSE39582 dataset, 
comprised of 74 MMRd and 441 MMRp pa- 
tients, were download and utilized as an inde-
pendent validation dataset.

Patients, treatment, and sample sequencing in 
the immunotherapy cohort

We utilized an immunotherapy cohort, the 
BJ-cohort, to investigate the role of cellular 
MSI-H score in immunotherapy. A total of 96 
patients with metastatic gastrointestinal can-
cers, who failed standard therapy and received 
anti-PD-1/PD-L1 therapy or a combination with 
a CTLA-4 inhibitor between January 2016 and 
January 2018, were enrolled. MMR/MSI status 
was determined by IHC or PCR. IHC was per-
formed on archival formalin-fixed, paraffin-
embedded (FFPE) tissue sections using mono-
clonal antibodies targeting MLH1, MSH2, 
MSH6, and PMS2. Tumors with a loss of ex- 
pression in any of these four mismatch repair 
(MMR) proteins were classified as MMRd, while 
those retaining expression were categorized as 
MMRp. In some cases, PCR-based molecular 
testing was conducted to assess MSI at five 
specific loci: BAT-25, BAT-26, D2S123, D5S346, 
and D17S250. Tumors demonstrating instabili-
ty at two or more markers were defined as MSI-
H, whereas those with instability at fewer than 
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two markers were considered MS. Gene expres-
sion profiling was conducted through a panel 
sequencing platform assessing the expression 
of 395 human genes (395-panel).

Establishment of a single-cell level MSI clas-
sification system

Establishment of MSI-H signature and MSS sig-
nature: We conducted an analysis of differen-
tially expressed genes (DEGs) between MSI-H 
and MSS tumor samples in the TCGA-CRC data-
set. Genes meeting the criteria of an adjusted 
p-value < 0.05 and log2(fold change) > 2 were 
identified as candidate DEGs. Subsequently, 
we examined the expression differences of 
these candidate DEGs in MSI-H and MSS cell 
lines from the CCLE-CRC dataset, selecting 
genes with significant differences to form the 
potential set of DEGs. Finally, genes exhibiting 
non-zero expression values in at least 1% of the 
tumor cells in scCRC dataset were retained as 
the final set of DEGs. Based on whether these 
genes were highly expressed in MSI-H or MSS, 
we defined the molecular MSI-H and MSS 
signatures.

Scoring the enrichment of MSI-H and MSS sig-
natures in each tumor cell: Utilizing the acquired 
molecular MSI-H and MSS signatures, we com-
puted the MSI and MSS scores for each tumor 
cell through AUCell, which employs the “Area 
Under the Curve (AUC)” to assess whether a 
critical subset of the input gene set is enriched 
within the expressed genes for each cell. 
Analyzing the distribution of AUC scores across 
all cells enables exploration of the relative 
expression of the signatures.

Determining the MSI status of each tumor  
cell: Based on the MSI-H and MSS enrichment 
scores of each single cell, we performed cell 
clustering with mclust [7, 12], which uses  
the Gaussian finite mixture model (GMM) to  
fit data. GMM assumes a multivariate Gaus- 
sian distribution for each component, i.e. 

k( ) N ( )f x; ;x k k`i n / . Thus, clusters are ellipsoi-
dal, centered at the mean vector μk and with 
other geometric features determined by the 
covariance matrix Σk. We employed all 14 mod-
els applied in this software and utilized the 
Bayesian Information Criterion (BIC) to deter-
mine the optimal number of mixing compo-
nents and the covariance parameterization.

Functional enrichment analysis

We conducted functional enrichment analysis 
at two levels. Firstly, the DEGs-based. We com-
puted DEGs and performed enrichment analy-
sis using reference gene sets from Gene 
Ontology biological process (GO-BP). The p-val-
ues were calculated through over-representa-
tion analysis. Secondly, Gene Set Enrichment 
Analysis (GSEA), leveraging gene expression 
ranks of all genes rather than focusing solely 
on DEGs using clusterprofiler [13].

Trajectory analysis

Trajectory analysis in the scCRC dataset was 
carried out using Monocle3. The union of the 
top 3000 highly variable genes and all genes 
from the MSI-H and MSS signatures were 
employed for principal component analysis 
(PCA). The top 30 dimensions were selected 
and graph-based clustering was performed, 
with the appropriate number of clusters deter-
mined by adjusting the resolution parameter. 
Evolution trajectory was inferred by estimating 
the sequence of gene expression change. To 
order the cells in pseudotime, the beginning of 
the biological process was identified by specify-
ing the root of the trajectory programmatically.

Reference-based and signature-based decon-
volution

Deconvolution, employed to estimate cell type 
fractions in bulk RNA-seq data, utilized two 
common approaches in this study: reference-
based and signature-based. The reference 
matrix was constructed by aggregating gene 
counts for each cell type in the scCRC dataset, 
and reference-based deconvolution was per-
formed in TCGA-CRC using seven methods  
[14]: ordinary least squares (ols), non-negative 
least squares (nnls), quadratic programming 
with non-negativity and sum-to-one constraint 
(qprogwc), quadratic programming without con-
straints (qprog), re-weighted least squares (rls), 
linear mixing model (dtangle), and support vec-
tor regression (svr). Otherwise, signature-based 
deconvolution was conducted in the BJ-cohort 
using the intersection of the 395-panel and 
MSI-H DEGs derived in scCRC.

Cell-cell communication analysis

We employed package CellChat to analyze cell-
cell communication. We modeled the probabili-
ty of communication between cells using the 
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law of mass action by integrating gene expres-
sion with prior knowledge of the interactions 
between signaling ligands, receptors, and their 
cofactors. Subsequently, we inferred biologi-
cally significant cell-cell communications by 
assigning each interaction a probability value 
and conducting a permutation test.

Statistical analysis and data visualization

All data analysis and visualization were carried 
out using R version 4.2.0. Continuous data 
were presented as median (range), while cate-
gorical data were presented as number (%). The 
Wilcoxon Rank Sum Test was the preferred 
method for hypothesis testing, with the t-test 
used only when the data did not reject a normal 
distribution. All reported p-values were two-
tailed, and a p-value of < 0.05 was considered 
statistically significant unless otherwise speci-
fied. Multiple comparisons correction adjusting 
the false discovery rate was considered when 
necessary. R packages ggvenn, pheatmap, 
clusterProfiler, and ggplot2 were utilized for 
general visualization.

Results

Determining MSI status of each tumor cells

The flow chart of this study is presented in 
Figure 1A. Through analysis of gene expression 
data from 296 MSS patients and 64 MSI-H 
patients in the TCGA-CRC cohort (with baseline 
characteristics in Supplementary Table 1), a 
total of 794 DEGs were identified. This set com-
prised 520 upregulated genes in MSS patients 
and 274 upregulated genes in MSI-H patients 
(Figure 1B; Supplementary Table 2). Subsequ- 
ently, the expression differences of these  
DEGs were validated in MSS and MSI-H CRC 
cell lines (with baseline characteristics shown 
in Supplementary Table 3), resulting in the 
exclusion of 624 insignificant genes, leaving 
171 significant ones (Figure 1C; Supplementary 
Table 4). Further filtering was performed using 
single-cell data (with baseline characteristics  
in Supplementary Table 5), requiring each gene 
to be expressed in at least 1% of tumor cells. 
Ultimately, a total of 26 and 60 genes were 
obtained and utilized for constructing MSI-H 
and MSS status-related signatures, respective-
ly (Figure 1D; Supplementary Table 6). These 
signatures were further validated employing 
unsupervised clustering. They could effectively 

distinguish between MSI-H and MSS samples 
in TCGA-CRC (Figure 1E), and between MMRd 
and MMRp samples in GSE178341, an inde-
pendent CRC dataset (Supplementary Figure 
1A; Supplementary Table 7). Also, in GSE- 
178341 dataset, the enrichment scores of 
MSI-H signature were significantly higher in 
MMRd samples than that in MMRp samples 
(Supplementary Figure 1B).

Using these two signatures, we calculated 
MSI-H and MSS enrichment scores for all 
105,122 tumor cells from the single-cell RNA-
seq data of 27 MMRp and 33 MMRd CRC indi-
viduals. Generally, most tumor cells from MMRd 
individuals exhibited a higher MSI-H enrich-
ment score compared to those from MMRp 
individuals, while most tumor cells from MMRp 
individuals showed a higher MSS enrichment 
score than those from MMRd individuals 
(Figure 1F). The probability density distribution 
of MSI-H enrichment scores in cells originating 
from MMRd patients presented as a bimodal 
distribution, with peaks near 0 and 0.04, while 
cells originating from MMRp patients displayed 
a prominent peak near 0 (Figure 1G). On the 
other hand, the probability density distribution 
of MSS enrichment scores in cells originating 
from MMRp patients showed a right-skewed 
normal distribution with a peak around 0.025, 
whereas cells originating from MMRd patients 
had a small peak near 0.02 (Figure 1H). By tak-
ing median value of the enrichment score in 
each patient, we validated that MSI-H enrich-
ment scores were significantly higher in MMRd 
group, while the MSS enrichment scores were 
significantly higher in MMRp group (Figure 1I).

Utilizing the MSI-H and MSS enrichment scores, 
we classified tumor cells into clusters, selecting 
the optimal number of clusters based on the 
Bayesian Information Criterion (BIC) using a 
Gaussian finite mixture model (GMM). As 
depicted in Figure 1J, with the increase in the 
number of clusters, BIC initially rose rapidly, 
then tended to stabilize. When K equaled 3, the 
BIC corresponding to several models, such as 
VVE, approached the high point. Therefore, we 
chose the optimal model VEV (variable volume, 
equal shape, and variable covariance) when K 
= 3 and identified three tumor cell clusters. 
Based on the MSI-H and MSS enrichment 
scores, we annotated the three clusters as 
MSI-H, MSS, and MSD (microsatellite dual posi-
tive, Figure 1K).
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Figure 1. Constructing MSI-H and MSS signatures and determining MSI status of each tumor cells. (A) Diagram of 
the study design. (B) DEGs between MSI-H and MSS tumors in TCGA-CRC. The red dots represent candidate DEGs. 
(C) DEGs filtered by CCLE-CRC and their performance in discriminating MSI-H and MSS cell lines. (D) Filtering DEGs 
inherited from CCLE-CRC in scCRC dataset. The smaller sets represent genes with expression values above 0 in at 
least 1% of tumor cells and were used as MSI-H signature and MSS signature. (E) Clustering TCGA samples using 
the final MSI-H signature and MSS signature. (F) The MSI-H enrichment score and MSS enrichment score in the 
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scCRC dataset colored by patient origin. (G, H) Density distribution of MSI-H (G) and MSS (H) enrichment score 
stratified by patient origin. (I) Difference of MSI-H and MSS enrichment score between MMRd and MMRp patients. 
(J) Change of Bayesian Information Criterion (BIC) with respect to the number of mixing components in each Gauss-
ian finite mixture model. (K) The three clusters determined by the VVE model. (L, M) Percentage of MSI-H, MSS, and 
MSD cells in MMRd (L) and of MMRp (M) patients.

After determining the MSI status of each tumor 
cell, we further examined the distribution of cell 
states in patients with MMRp and MMRd ori-
gins. As expected, MMRd patients predomi-
nantly exhibited MSI-H cell proportions (median 
percentage: 65.17%, Figure 1L), while MMRp 
patients primarily showed MSS proportions 
(median percentage: 44.69%, Figure 1M). How- 
ever, we also noted that in 3 out of 33 MMRd 
patients (10%), MSS cells were predominant 
(C164, C109, C139), suggesting potential pri-
mary resistance. Conversely, in 8 out of 27 
MMRp patients (30%), MSI-H cells were the 
most abundant (C160, C172, C133, C145, 
C126, C124, C113, and C104), hinting at poten-
tial benefit from immunotherapy.

Intercellular communication between MSI-H 
cells and immune cells

We explored the expression of PD1 in CD8+ T 
cells and PD-L1 in MSI-H and MSS cells within 
the scCRC dataset. As anticipated, PD1 expres-
sion was predominantly detected on CD8+ T 
cells rather than tumor cells (Figure 2A). Al- 
though PD-L1 expression was observed in only 
a minority of tumor cells (Figure 2B), we ob- 
served that approximately 2.78% of cells in the 
MSI-H cluster expressed PD-L1, a significantly 
higher proportion compared to the expression 
of PD-L1 in MSS cells (2.78% vs. 1.66%, P < 
0.001, Figure 2C).

We then researched the interplay between 
MSI-H cells and CD8+ T, MoMac, and regulatory 
T cells (Treg) by examining the co-expression  
of ligand-receptor (L/R) pairs (Supplementary 
Table 8). The L/R pairs involving MIF-(CD74+ 
CD44)/(CD74+CXCR4) and APP-CD74 were 
identified as the most prominent interactions 
facilitating signal transduction from MSI-H cells 
to all three types of immune cells (Figure 2D). It 
is widely acknowledged that extracellular MIF 
interacts with CD74, forming a hetero-complex 
with CD44, CXCR2, CXCR4, and/or CXCR7, the- 
reby initiating downstream MAPK and/or PI3K 
pathway effectors [15]. However, the outcome 
of this interaction, whether it leads to pro-
inflammatory, anti-inflammatory, or immune 
evasion responses, depends on the prevailing 

conditions. The amyloid precursor protein (APP) 
has been demonstrated to be upregulated in 
various cancer types [16], yet the role of the 
APP-CD74 interaction in the tumor microenvi-
ronment has been scarcely reported. Addi- 
tionally, other ligands originating from MSI-H 
cells included CD99, MDK, LGALS9, et al 
(Figure 2D).

Regarding the signals received by MSI-H cells, 
the signaling pathways initiated by CD8A and 
GZMA from CD8+ T cells were identified as  
the most robust communications (Figure 2E). 
GZMA is a well-known granzyme associated 
with inducing cell death [17]. Its binding to 
CEACAM5 on CD8A has been reported to be 
involved in the activation of CD8-associated 
LcK (lymphocyte-specific protein tyrosine kin- 
ase) [18-20]. Among the communication pairs 
between MoMac and MSI-H cells, SPP1-CD44 
was the predominant interaction, followed by 
LGALS9-CD44, NAMPT-INSR, and ADGRE5-
CD55 (Figure 2E). CD44-mediated signals, par-
ticularly SPP1-CD44 interactions, are generally 
considered to be immunosuppressive in the 
tumor microenvironment.

To elucidate the distinction between MSI-H and 
MSS cells in the crosstalk network, we com-
pared their interactions with the aforemen-
tioned immune cells. Overall, MSI-H and MSS 
cells exhibited similar crosstalk networks in 
both signal sending (Figure 2F) and receiving 
(Figure 2G). Upon closer examination, the 
ANXA1-FPR1 signal pair, known for its anti-
inflammatory properties [21], was notably ex- 
pressed between MSI-H cells and MoMac. 
Additionally, the SPP1-CD44 signal transmis-
sion from MoMac to tumor cells was evidently 
higher in MSI-H cells compared to MSS cells 
(communication probability: 0.14 vs. 0.11). The 
expression levels of critical molecules involved 
in these communication pathways within the 
scCRC dataset were illustrated in Figure 2H.

Signaling pathway activity and evolutionary 
trajectory of the MSI-H cells

With the establishment of this relatively homo-
geneous MSI-H cell cluster, we were able to 
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Figure 2. Ligand-receptor interactions between MSI-H cells and immune cells in scCRC dataset. (A, B) PD1 and PD-
L1 expression in MSI-H, MSS, and CD8+ T cells. (C) Percentage of PD-L1 expression cells in MSI-H cluster and MSS 
cluster. (D, E) Ligand-receptor interaction from MSI-H cells to immune cells (D), and from immune cells to MSI-H 
cells (E). Cell types are denoted by colors, arrows signify communication direction, and arrow thickness symbolizes 
communication probabilities. (F, G) Communication probability of ligand-receptor pairs between MSI-H and immune 
cells, and between MSS and immune cells. Labels on x-axis labels indicate the communication direction. (H) Density 
of gene expression mediating the crosstalk.
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investigate the MSI-H cell properties unaffect-
ed by other cellular components such as stro-
mal cells and immune cells. DEG analysis was 
conducted between MSI-H and MSS clusters. 
We imposed stringent criteria for significant  
differential gene expression, requiring genes  
to meet three criteria simultaneously: a propor-
tion difference in expression of the gene bet- 
ween the two groups greater than 1%, statisti-
cally significant differences in expression levels 
between the two groups, and a fold change  
in expression levels between the two groups 
greater than 0.25. Consequently, 1996 genes 
were found to be significantly upregulated in 
the MSI-H cluster, while 2464 genes were  
significantly upregulated in the MSS cluster 
(Figure 3A; Supplementary Table 9). The top 
five upregulated protein-coding genes in the 
MSI-H cluster were REG1A, PLA2G2A, REG1B, 
MUC5AC, and MUC6, whereas in the MSS clus-
ter, they were CXCL14, SFTPB, NOTUM, SFTA3, 
and WIF1.

The DEGs upregulated in the MSI-H cluster 
were notably enriched in Gene Ontology Bio- 
logical Process (GO-BP) terms such as carbox-
ylic acid catabolic process, response to decrea- 
sed oxygen levels, stress response to copper 
ion, and protein glycosylation (Figure 3B). Con- 
versely, in the MSI-H bulk tissue, the enriched 
pathways associated with DEGs primarily in- 
cluded positive regulation of macrophage-de- 
rived foam cell differentiation, microtubule-
based movement, and hydrogen peroxide cata-
bolic process (Supplementary Figure 2A), indi-
cating potential influences of immune cell infil-
tration on the enriched pathways within the 
MSI-H bulk tissue. Moreover, the upregulated 
DEGs in the MSS cluster were significantly 
enriched in the WNT signaling pathway and car-
boxylic acid transport pathways. Meanwhile, 
the pathways enriched in the MSS bulk tissue 
primarily included carboxylic acid transport  
and intermediate filament-based processes 
(Supplementary Figure 2B, 2C), suggesting a 
higher similarity between the MSS bulk tissue 
and the MSS cluster.

We conducted additional analysis to assess the 
signaling pathway activity of the MSI-H cluster 
utilizing Gene Set Enrichment Analysis (GSEA). 
Specifically focusing on the HALLMARK gene 
set, our findings revealed significant enrich-
ment of pathways including glycolysis, inflam-

matory response, allograft rejection, and the 
IL-6/JAK2/STAT3 signaling pathway within the 
MSI-H cluster (Figure 3C, 3D). Notably, aber-
rant activation of the IL-6/JAK2/STAT3 pathway 
has been previously reported to promote PD-L1 
expression and consequently contribute to 
resistance against immune-mediated killing 
[16, 22].

To elucidate the temporal dynamics of MSS, 
MSI-H, and MSD cell populations during tumor 
progression, trajectory analysis was conduct-
ed. A total of 22 clusters were identified for 
tumor cells (Figure 3E). The trajectory was 
inferred based on the sequential patterns of 
gene expression changes at the cluster level, 
and pseudotime was assigned to position cells 
along the trajectory (Figure 3F). Subsequently, 
the 22 clusters were sorted according to their 
median pseudotime values (Figure 3G) to rep-
resent tumor differentiation at the cluster level. 
Following the calculation of MSI-H, MSS, and 
MSD cell proportions within each cluster, it  
was observed that, concomitant with tumor 
progression, the percentage of MSI-H cells 
decreased, while the percentage of MSS cells 
increased, with the proportion of MSD cells 
remaining relatively unchanged (Figure 3H). 
This observation suggests that tumor cells, 
under the selective pressure of high mutational 
adaptation, eventually evolve into a stable 
state, thereby abandoning the highly mutated 
state that is susceptible to immune recog- 
nition.

Correlation between cellular MSI-H score, mo-
lecular MSI score, and immune cell infiltration 
in TCGA-CRC

After establishing the MSI status of each cell, 
we generated cell-type specific gene expres-
sion data (Supplementary Table 10), commonly 
referred to as pseudobulk expression, utilizing 
the scCRC data. Using this as reference gene 
set, we performed deconvolution of the TCGA-
CRC dataset using seven different methods to 
determine the score of each cell type within  
the bulk tissue (Supplementary Table 11). We 
defined the deconvolution score that quanti- 
fies the proportion of MSI-H cells within the 
tumor as cellular MSI-H score. To validate the 
applicability of the methods employed, we 
examined the correlation between cellular 
MSI-H cell score and the molecular MSI-H sta-
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Figure 3. DEGs, signaling pathway activity, and evolutionary trajectory of MSI-H cells. A. DEGs between MSI-H and 
MSS cells. B. Enriched GO items of DEGs in MSI-H cells. C. Enriched hallmark pathways in MSI-H cells using GSEA. 
D. Running score and preranked list of three hallmark pathways visualized by GSEA plot. E. Graph-based clustering 
of scCRC tumor cells. F. Trajectory and pseudotime analysis of scCRC tumor cells. The black lines show the structure 
of the trajectory graph. White circle denotes the initial time point. G. Ordering clusters by evolutionary pseudotime. 
H. Percentage of MSI-H, MSS, and MSD cells in clusters ordered by pseudotime.

tus and score calculated by the MANTIS algo-
rithm. Five out of the seven methods yielded 
similar results, demonstrating that cellular 
MSI-H score was significantly higher in molecu-

lar MSI-H tissues compared to MSS tissues 
(Figure 4A). Notably, the SVR method resulted 
in cellular MSI-H score following a bimodal dis-
tribution in both molecular MSI-H and MSS tis-
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Figure 4. Deconvolution of TCGA-CRC to derive cellular MSI-H score. (A) Assessment of the correlation between 
cellular MSI-H score, determined by seven algorithms, and molecular MSI status using the MANTIS algorithm. (B, 
C) Evaluation of correlation scores (B) and significance (C) between molecular MSI score and cellular MSI-H score. 
(D, E) Examination of correlation scores (D) and significance (E) between cellular MSI-H score and levels of immune 
cell infiltration. ols, ordinary least squares; nnls, non-negative least squares; qprogwc, quadratic programming with 
non-negativity and sum-to-one constraint; qprog, quadratic programming without constraints; rls, re-weighted least 
squares; dtangle, linear mixing model; svr, support vector regression.
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sues, with the smallest p-value between the 
two groups, suggesting that the SVR method 
may be more suitable for this dataset. 
Furthermore, the molecular MSI score showed 
significant correlations with the cellular MSI-H 
score derived from all five methods, with par-
ticularly strong correlation reaching 0.55 with 
the SVR method (Figure 4B, 4C). Additionally, 
cellular MSI-H score determined by the five 
deconvolution methods also demonstrated 
high correlations among themselves. It is note-
worthy that some MSS tissues identified by the 
molecular MSI score exhibited higher cellular 
MSI-H score, while some MSI-H tissues had 
lower cellular MSI-H score (Figure 4C).

Since MSI-H cells generate a higher number of 
neoantigens, they are expected to more effec-
tively activate the immune system. We conduct-
ed an analysis to examine the correlation bet- 
ween cellular MSI-H score and immune cell 
infiltration. We found a weak but significant 
positive correlation between cellular MSI-H 
score and MoMac (R = 0.14, P = 0.008), CD8+ 
T cells (R = 0.11, P = 0.037), and regulatory T 
cells (Treg, R = 0.19, P < 0.001) (Figure 4D, 4E). 
Conversely, the cellular MSS score displayed 
negative correlations with MoMac (R = -0.36), 
CD8+ T cells (R = -0.11), and regulatory T cells 
(R = -0.06). Additionally, cellular MSI-H score 
exhibited a negative correlation with cellular 
MSS score (R = -0.82) and a trend towards a 
negative correlation with fibroblasts (R = -0.10, 
P = 0.06). Furthermore, we observed correla-
tions among various immune cell types, such 
as CD8+ T cells and Treg (R = 0.58), CD4+ T 
cells and NK cells (R = 0.61), which highlight 
the complexity of the immune microenviron- 
ment.

Predictive value of cellular MSI-H score on im-
munotherapy

Our BJ-cohort comprises 96 cases of digestive 
tract tumor patients who underwent immuno-
therapy. RNA-sequencing using a 395-panel 
were performed. We intersected the up-regulat-
ed DEGs in MSI-H cells with this 395-panel, 
resulting in a set of 39 genes, which we refer to 
as the cellular MSI signature (Supplementary 
Table 12). We conducted deconvolution of the 
BJ-cohort using this signature. Of note, the 
deconvolution score calculated for both the 
TCGA and BJ cohorts reflects the proportion of 

MSI-H cells within the tumor microenvironment 
and is referred to as the cellular MSI-H score. 
The primary distinction between the two lies in 
the foundational data used for deconvolution: 
in the TCGA cohort, a cell-type expression 
matrix is utilized, while in the BJ cohort, the cel-
lular MSI-H signature serves as the reference. 
We observed that cellular MSI-H score was sig-
nificantly higher in the MMRd compared to the 
MMRp group (P = 0.002, Figure 5A), providing 
evidence of the applicability of our method.  
The MMRd group exhibited a slightly higher 
response rate compared to MMRp group (P = 
0.173, Figure 5B), which is a reflection of intra-
tumoral heterogeneity. However, the cellular 
MSI-H score exhibited a significant correlation 
with response status, being significantly higher 
in the response group compared to the non-
response group (P = 0.002, Figure 5C). Addi- 
tionally, a significant correlation was found 
between the cellular MSI-H score and the maxi-
mum reduction percentage (R = 0.29, P = 
0.005, Figure 5D). When using the cellular 
MSI-H score to predict patient response status, 
we achieved an AUC of 0.69 (Figure 5E), while 
the AUC was 0.419 using MMR status.

Since the cellular MSI-H score is significantly 
correlated with response, it is expected to pre-
dict PFS. As anticipated, as a continuous vari-
able, the cellular MSI-H score showed a signifi-
cant association with PFS (HR: 0.00, 95% CI 
0.00-0.31, P = 0.021, Figure 5F). Comparatively, 
only response status and maximum reduction 
percentage had smaller p-values than the cel-
lular MSI-H score, and both are variables after 
treatment. Furthermore, when we dichotomized 
the cellular MSI-H score into binary variables 
based on each decile, we observed a continu-
ous decrease in HR for the MSI-H high-score 
group as the threshold of the cellular MSI-H 
score increased (Figure 5G). This indicates the 
robustness of the cellular MSI-H score as a pre-
dictive biomarker, as it performs well across 
relatively broad threshold limits. Using the cor-
relation between MMR status and PFS as a ref-
erence (log rank P = 0.074, Figure 5H), when 
we set the cellular MSI score threshold at the 
50th percentile, the p-value for the difference 
in PFS between the two groups was 0.038 
(Figure 5H). However, it’s important to note that 
approximately 40% of patients still experienced 
rapid progression. When setting the cellular 

http://www.ajcr.us/files/ajcr0160915suppltabs1-12.xlsx
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Figure 5. Correlation between cellular MSI-H score and immunotherapy response and PFS in the BJ-cohort. A. 
Comparison of cellular MSI-H score between MMRd and MMRp samples. B. Response rate comparison between 
molecular MMRd and MMRp patients. C. Density distribution of cellular MSI-H score between response and non-
response patients. D. Correlation between cellular MSI-H score and tumor maximum regression. E. Predicting re-
sponse status using cellular MSI-H score and MMR status by ROC curve. F. Univariate-cox survival analysis against 
PFS. G. Categorizing the BJ-cohort into high and low cellular MSI-H score groups using each decile of cellular MSI-H 
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score as a threshold and compare the PFS between groups. H. Kaplan-meier (KM) analysis between groups defined 
by MMR status, and by median value of cellular MSI-H score. I. KM analysis between groups defined by response 
status, and by upper decile value of cellular MSI-H score. J. KM curve by combining MMR status and cellular MSI-H 
score discretized by median.

Figure 6. A. Molecular MSI scores are influenced by cell distribution of MSI-H loci. For example, according to the 
length distribution of sequencing reads covering the MS sites, we consider MS4 and MS7 as MSI-H loci, i.e., the mo-
lecular level MSI score is 20% (2/10), therefore the tissue is determined as MSS tissue. However, at cellular level, 
suppose a cell with greater than 40% MSI-H loci could be regarded as MSI-H cell, we find 60% (3/5) cells are MSI-H 
cells. Theoretically, we cannot overlook the possibility that tissues dominated by MSI-H cells may be considered as 
MSS tissues at the molecular level. B. Intra tumor heterogeneity (ITH) caused by cellular composition, MSI-H, MSS, 
and MSD. C, D. The predictive role of cellular MSI-H score on immunotherapy response and PFS. E. Signals mediat-
ing the crosstalk from MSI-H cells to immune cells.

MSI-H score threshold at the 90th percentile, 
the p-value for the difference in PFS between 
the two groups decreased to 0.014, and, the 
MSI-H high-score group displayed similar sur-
vival probability compared to the response 
group (P = 0.509, Figure 5I). Furthermore, by 
combining the two biomarkers - MMR status 
and cellular MSI-H score (using the median 
value as the cutoff) - we were able to refine 
PFS) prediction (Figure 5J). The four groups, 
ranked by median survival time from highest to 

lowest, were as follows: MMRd/Hig, MMRp/
High, MMRp/Low, and MMRd/Low. The PFS dif-
ference between the MMRd/High and MMRp/
Low groups (log-rank P = 0.011) suggests that 
the cellular MSI-H score can be used to further 
differentiate between sensitive and primary 
resistant patients within the MMRd cohort. This 
refinement highlights the potential of integrat-
ing MMR status and cellular MSI-H score for 
more accurate prediction of therapeutic 
response in MSI-H tumors.
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Discussion

In this study, we established molecular MSI-H 
and MSS signatures separately by integrating 
bulk tissue and cell line RNA expression datas-
ets. By evaluating the enrichment score of 
these two signatures in single-cell dataset, we 
determined the MSI status of each individual 
tumor cell as MSI-H, MSS, or MSD. Then we 
analyzed cell-type specific expression matrix 
including MSI-H, MSS, and various immune 
cells. Using this matrix, we deconvoluted TCGA-
CRC, obtained various cell-type proportion in 
each sample. Meanwhile, we analyzed genes 
highly expressed in MSI-H cells, which were 
used to deconvolute the BJ-cohort. The decon-
volution score, in both TCGA-CRC and BJ-cohort, 
was called cellular MSI-H score. We explored 
the correlation between cellular MSI-H score 
and MoMac, CD8+ T, and Treg, demonstrated 
the robust predictive role of cellular MSI-H 
score on immunotherapy response and PFS.

Theoretically, the high mutational burden of 
MSI-H cells provides opportunities for rapid 
adaptation to the environment but also results 
in the generation of numerous new antigens 
[27, 28], therefore, more susceptible to immune 
killing. For balance, MSI-H cells are expected to 
exhibit distinct biological characteristics. The 
top-5 up-regulated genes in MSI-H clusters 
included REG1A, REG1B, MUC5AC, MUC6, and 
PLA2G2A. The major pathways that these DEGs 
enriched to were carboxylic acid catabolic pro-
cess, protein glycosylation, response to decrea- 
sed oxygen levels, and stress response to cop-
per ion. The relevance of the former three to 
tumorigenesis has been extensively reported 
[29-31]. Previous studies have indicated that 
exposure to heavy metals can disrupt DNA 
repair mechanisms, indirectly contributing to 
the development of MSI-H tumors [32-34]. 
Moreover, GSEA identified the up-regulation of 
the IL-6/JAK2/STAT3 signaling pathway, which 
has been reported to promote PD-L1 expres-
sion in various cancer types [22], suggesting 
that MSI-H cells may evade immune elimination 
by activating this pathway, which was corrobo-
rated by the higher expression of PD-L1 ob- 
served in MSI-H cells. Trajectory analysis of 
MSS, MSI-H, and MSD cell populations during 
tumor progression also highlighted the balance 
between mutational burden and immune 
escape. The reduction in MSI-H cells may 

reflect tumor adaptation to evade immune rec-
ognition under mutational stress.

By comparing the interactions between MSI-H 
and various immune cells, we identified two 
potential immune evasion pathways in MSI-H 
cell. First, upregulating co-inhibitory molecule 
PD-L1 to suppress CD8+ T cells; second, inter-
action with immunosuppressive macrophages 
to adapt to the environment. The role of PD-L1 
in immune evasion is well-established, while 
the modulation of macrophages is still under 
extensive investigation. Our findings mainly in- 
volve two signal pairs, SPP1-CD44 and ANXA1-
FPR1. SPP1 secreted by tumor-associated ma- 
crophages may regulate the mesenchymal  
phenotype of glioma by interacting with CD44 
on tumor cells [35], activate downstream tar- 
get genes in epithelial cells to promote dyna- 
mic changes in intratumor heterogeneity [36]. 
ANXA1 has been reported to induce the pro-
duction of M2-like macrophages via its surface 
receptor FPR1 [21], thereby establishing a Treg 
cell-driven immunosuppressive tumor microe- 
nvironment.

Currently, MMRd/MSI-H is the only well-recog-
nized biomarker that can guide the immuno-
therapy of gastrointestinal cancer. Neverthe- 
less, its prediction efficiency is relatively limited 
mainly attributed to the ITH [3, 4]. Burgeoning 
single-cell RNA-seq has been widely applied to 
explore tumor heterogeneity [23-25], for exam-
ple, the identification of a specific subtype of 
MSS, the iCMS3_MSS, which is more similar to 
MSI-H cancers [26]. Unlike iCMS3_MSS and 
many other methods that rely solely on statisti-
cal approaches to predict immune therapy out-
comes [37-39], we propose a cellular-level 
MSI-H identification method that is based on 
the cellular composition of the tumor microen-
vironment. We explored the correlation between 
cellular MSI-H score, molecular MSI status, and 
immune cell infiltration in TCGA, demonstrated 
the association between cellular MSI-H score 
and immunotherapy response and PFS in the 
BJ cohort. Additionally, by progressively increas-
ing the threshold, we validated the robustness 
of the cellular MSI-H score as a PFS predictor 
(Figure 6).

Our study has some limitations. First, the sub-
jectivity in the trajectory analysis. Since we 
inferred starting point based on gene expres-
sion patterns and cell state distribution, the 
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trajectory interpretation would benefit from fur-
ther validation. Second, we identified a subset 
of cells, termed MSD cells, which exhibited 
characteristics of both MSI-H and MSS pheno-
types, we speculated that these cells maybe 
transitional states between MSS and MSI-H. 
However, further experimental investigations 
are required.

In summary, we identified an improved immu-
notherapy predictive biomarker, the cellular 
MSI-H score. We created it from single-cell da- 
ta, applied it to bulk tissue data, and demon-
strated its outstanding correlation with immu-
notherapy response and PFS. We believe it 
could influence clinical practice in the future.
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Supplementary Figure 1. Validating the molecular MSI-H and MSS signature in the independent dataset, GSE39582. A. Unsupervised clustering distinguishes 
MMRd from MMRp samples. B. Difference of MSI-H and MSS enrichment score between MMRd and MMRp samples.
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Supplementary Figure 2. Enrichment analysis against GO biological process terms for genes up-regulated in bulk 
MSI-H tissues compared to bulk MSS tissues (A), in MSS cells compared to MSI-H cells (B), and in bulk MSS tissues 
compared to bulk MSI-H tissues (C).


