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Abstract

Tumors with microsatellite instability (MSI) represent a paradigm for the success of immune checkpoint
inhibitor (ICl)-based immunotherapy, particularly in patients with metastatic colorectal cancer (mCRC). To
date however, tools for predicting efficacy of these new therapies are lacking. Here we combined high-
throughput DNA and RNA sequencing of tumors from 117 patients with MSI mCRC treated with anti-PD-1
+/- anti-CTLA-4 and enrolled into two cohorts, i.e., the NIPICOL clinical trial (NCT03350126) and the
ImmunoMSI prospective cohort that were used as discovery and validation cohorts in this ancillary study,
respectively. All analyses based on previously suggested DNA/RNA biomarkers of resistance failed to
identify robust predictors of treatment response in patients, e.g., the level of MSI, mutational burden, the
presence of specific somatic DNA variants as assessed by exome-sequencing and the activity of
canonical signaling pathways or the presence of specific cellular contingents within the tumor bulk as
estimated by RNA-sequencing. By contrast, resistance to ICl was found to depend both on a small subset
of somatic DNA variants located in microsatellite-containing genes with very diverse biological functions
and the expression of a stromal-oriented RNA component. Testing of these predictors in 5 large additional
independent retrospective and prospective cohorts (IDEA and MOSAIC clinical trials) regrouping 446
patients with nonmetastatic or metastatic MSI CRC untreated with ICl allowed us to validate the
specificity of the predictive nature of these indicators regarding ICl-treated MSI mCRC patients. The use of
these DNA/RNA predictors will help to refine the ICl-based precision therapy of patients with metastatic
MSI mCRC.

Introduction

Mismatch repair deficient (AIMMR) tumors display a molecular phenotype characterized by the genetic
instability of numerous microsatellite repeated sequences throughout the genome (Microsatellite
Instability, MSI) 1-3. MSI was first observed in inherited tumors associated with Lynch syndrome and later
in a large spectrum of primary tumors, in particular sporadic colorectal cancers (CRC) (for review see 47°).
Being highly genetically unstable, MSI cancers are highly immunogenic and generally show a strong
infiltration with cytotoxic T-cell lymphocytes /. Recently, it was reported that MSI tumors resist this hostile
immune microenvironment by overexpressing immune checkpoint (ICK)-related proteins to allow immune-
escape 8. Consistently, MSI status was shown to predict clinical benefit from ICK inhibitors (ICls) in
patients with metastatic cancer including CRC (mCRC) >1°. In patients heavily pretreated with dMMR/MSI
MCRC, the objective response rate ranges from 33-65% and the 1-year overall survival rate ranges from
34-71%. First-line pembrolizumab (anti-PD-1) has been associated with significant improvement of
progression-free survival compared with standard of care chemotherapy. However, up to 15-46% of
patients with AMMR/MSI mCRC exhibit primary resistance to ICls while 5%-25% of responders develop

acquired resistance to these treatments, although this estimation might increase with longer follow-up 11~
14
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A few DNA and RNA markers predicting the efficacy of ICIs have been previously proposed in metastatic
dMMR/MSI cancer settings '°722. However, it is fair to say that these results lack independent validation,
being based on the analysis of only limited series of invasive dAMMR/MSI tumor samples with
heterogeneous tumor origins. At the DNA level, markers include quantitative genomic indexes measuring
the level of MSI within the tumor bulk such as MSlsensor or the tumor mutation burden (TMB) whose
association to more dense immune infiltration of the cancer in the highly immunogenic dAMMR/MSI
cancer setting remains uncertain as it has not yet been carefully investigated. Previous studies have
considered the selection of specific somatic variants occurring in dMMR cancers due to MSI as specific
predictive markers such as BRAFV%00F mutational status, KRAS/ NRAS mutations, or the B2M truncating
mutation resulting in loss of function of the resultant protein associated with the MHC class | complex
17.21 However, it was recently reported that B2M inactivation was unlikely to blunt the efficacy of ICl in
dMMR/MSI tumors in human 22 and using multiple murine dMMR B2m null cancer models 24, raising the
question of the real impact of these somatic mutations in the MSI cancer setting. At the RNA level, it was
hypothesized that the estimated abundance of some specific cell populations in the tumor
microenvironment could be of particular clinical relevance, e.g., some immune cell populations such as
antigen-presenting macrophages interacting with T-cells 2. Logically, deregulated activity of some
cancer-related pathways more or less associated with the adaptative T-cell antitumor immunity were also
proposed, e.g., the reduced activity of Wnt/Wingless signaling, deregulation of the interferon gamma
pathway and/or of several immune escape processes 2'. Finally, a study published by our team recently
showed that the leading cause for association of primary resistance to ICls in mCRC was the
misdiagnosis of their MSI or dMMR status 25, emphasizing that the first and foremost criteria to be
validated before the prescription of ICl in metastatic IMMR/MSI cancer patients, and particularly in
mMCRC, is the guarantee of a quality diagnosis with appropriate methods to identify genuine dMMR/MSI.

In this study, we addressed the issue of response to ICls based on two independent prospective cohorts of
44 and 73 patients with dAMMR/MSI mCRC, respectively the multicentric NIPICOL clinical trial
(NCT03350126) and the prospective ImmunoMSI cohort 2. Following central reassessment for
dMMR/MSI status using gold standard methods to discard misdiagnosed mCRC cases, combined DNA
and RNA sequencing of the tumor tissues from these patients was performed. Following supervised
analysis of the molecular profiles data which failed to confirm previously proposed DNA/RNA indicators
for response to treatment, the use of innovative methods allowed us to identify robust independent DNA
and RNA signatures for predicting resistance to ICI. Testing of several retrospective and prospective
cohorts (IDEA 27 and MOSAIC 28 clinical trials) regrouping 446 patients with metastatic or nonmetastatic
MSI CRC untreated with ICI was also performed to evaluate the specificity of the predictive nature of
these indicators, i.e., in the context of immune checkpoint blockade therapy.

Results
Patient population and study design
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A total of 130 prospectively collected mCRC patients were assessed for eligibility, including 57 patients
from the NIPICOL clinical trial (C1, NCT03350126) and 73 patients from the prospective ImmunoMSiI
cohort (C2) 2°. Clinical and disease characteristics of patients from C1 and C2 are summarized in
SUPPLEMENTARY TABLE S1 and SUPPLEMENTARY TABLE S2. In C1, the analysis was restricted to 54
patients after removing 3 mCRC samples with misdiagnosed dAMMR/MSI status. Whole Exome
Sequencing (WES) and RNA Sequencing (RNASeq) were performed on 23 and 44 collected mCRC +/-
matched normal colonic mucosa paraffin-embedded samples, respectively, after removing 29 samples
with lack of materials and/or insufficient quality (Fig. TA). In C2, targeted next-generation-sequencing
(NGS) and RNASeq were performed on 66 and 73 mCRC +/- matched normal colonic mucosa paraffin-
embedded samples, respectively, after removing unqualified samples for similar reasons, i.e., insufficient
quantity and/or low-quality level (Fig. 1A). The CONSORT-like clinical and molecular diagram in FIGURE 1
outlines the methodology workflow of the study.

FIGURE 1 also summarizes the flow chart (Fig. 1A) and the current design of the study (Fig. 1B). In an
effort to optimize the available clinical data for the purpose of identifying available RNA/DNA predictive
markers of resistance to ICl in this unprecedent prospective series of ICl-treated patients with MSI mCRC,
their putative clinical relevance was examined in both the C1 and C2 cohorts independently. Were
considered as clinically relevant the predictors whose status was significantly associated with ICI
resistance in C1 and yet in C2, using progression-free survival (PFS) by iRECIST (RECIST for Response
Evaluation Criteria in Solid Tumor) criteria for survival analyses (iPFS) 2°. In FIGURE 1 is also indicated
how the bioinformatics analyses were carried out. In particular, we indicate how, following analyses of the
WES and RNAseq profiles, using previously proposed markers of ICl resistance: (i) we developed a
classifier from C1 to predict resistance to ICl in mCRC based on specific combinations of somatic
variants occurring in a large panel of microsatellite-containing genes and then validated this classifier in
the C2 validation dataset; (ii) we unraveled the phenotypic diversity of mCRC by applying an
unsupervised ICA (Independent Component Analysis) on C1 tumor transcriptomes to identify RNA
signatures that would be associated with treatment resistance in this discovery dataset and then
validated in the C2 validation dataset. Finally, in an effort to validate that both the identified DNA and
RNA signatures were truly predictive of response to ICl in patients with MSI CRC, we validated the
absence of impact of both these signatures on the survival of patients issued from several prospective
and retrospective additional cohorts of MSI CRC untreated with ICl, i.e., in the METAMSI (metastatic MSI
CRC, retrospective) 2°, IDEA 27, MOSAIC 28 (nonmetastatic MSI CRC, prospective, clinical trials), TIMSI and
TCGA (nonmetastatic MSI CRC, retrospective) cohorts (see also materials and methods section for further
details) (Fig. 1B).

The level of MSI and TMB in tumor DNA does not predict response to ICl in patients following exclusion
of ICI-treated mCRC with misdiagnosed dMMR/MSI status

We first focused DNA analyses on the genomic quantitative indexes that are related to MSI in tumor DNA,
i.e., the TMB and MSisensor score, whose level was previously reported to predict response to ICl in

patients with metastatic dMMR tumor 16, FIGURE 2A shows the levels of TMB and MSisensor score in
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the C1 cohort when assessing their level on the basis of WES data. Expectedly, these indexes were highly
correlated to each other (Fig. 2A and SUPPLEMENTARY FIGURE S1). In this clinical trial (C1 cohort), we
previously reported misdiagnoses in 3 patients included in NIPICOL (false positive MSI cases with MSI-
PCR and/or IHC, i.e.,, TN1, TN2, TN3, detected here with negative MSlsensor score, expectedly) 25and a
lack of sensitivity of the MSlsensor tool to detect this tumor phenotype in 3 other patients (false negative
MSS cases, FN1, FN2, FN3) 0. FIGURE 2A shows the TMB and MSisensor index values in samples from
C1 (left panel), including FN and TN cases, together with their MSICare score (right panel) whose higher
performance to detect MSI in CRC from their NGS profiles has been recently underlined 3°.

Taking into account such diagnostic corrections is crucial and drastically changes the prognostic value
that TMB and MSlsensor score have in subsequent survival analyses, expectedly. For instance, we here
show that the MSlsensor score displays a statistical tendency of predictive value for the resistance to ICI
before correction of diagnostic errors in C1, whereas this same index has no longer any predictive value
after correction (exclusion of the 3 false positive MSI cases) (Fig. 2B). Likewise, while a trend for a
predictive value of TMB is observed before correction of the same diagnostic errors in C1, this is no
longer the case at all thereafter (Fig. 2B). In view of these results, we decided not to investigate further the
clinical relevance of TMB and MSlsensor score in C2 since none of them were associated with
patients’prognosis in a true MSI mCRC population. As shown in SUPPLEMENTARY FIGURE S2, the
MSICare score is no more clinically relevant for predicting response to ICl in patients with confirmed MSI
mCRC.

No evidence for the relevance of somatic DNA variants predicting MSI mCRC patients’ iPFS to ICI

Next, we examined the impact of somatic variants occurring in true positive MSI mCRC patients from C1
regarding response to ICl. Expectedly, a great number of variant-containing genes occurred at both
nonrepetitive (NR, in n = 3,886 genes, only coding events) or repetitive (R, in n = 20,472 genes, both coding
or noncoding events) sequences, these genes having or not an expected role in the MSI-driven
tumorigenic process (Fig. 2C). These somatic events, both coding and noncoding, were observed at
variable frequencies in either repetitive (Fig. 2D) or nonrepetitive sequences (Fig. 2E) in tumor DNA, as
previously reported 3'. Overall, MSI-driven somatic events at microsatellites (i.e., mononucleotide repeats)
were however mostly associated with the background for instability of MSI in colon tumor cells while a
minority of these microsatellite mutations were likely positively or likely negatively selected, as previously
reported in other large series of localized MSI colon tumors 37 (Fig. 2D).

In FIGURE 2F are shown the results of univariate cox analyses we performed to identify variants with
significant impact on the iPFS of MSI mCRC patients from C1 and C2. These tests were first
systematically performed for all detected exome-wide somatic variants in C1. Among them, only events
associated with P-values < 0.1 were sequenced again using targeted NGS in C2 (n = 362 events including
195 and 167 somatic variants at NR and R sequences; see also the study design of the study Fig. 1). This
strategy led us to consider 9 and 22 somatic variants with a significant effect on patients' survival in both
cohorts at alpha = 5% and 10%, respectively. With the exception of one, i.e., the microsatellite mutation
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affecting of the LncRNA TTN-AS1, none of these association to ICl-treated patients’ survival remained
significant after FDR correction. A listing of these 22 variants is shown on SUPPLEMENTARY TABLE S3.
Although we suspect that some of these events are clinically relevant, we concluded that their effect at
this stage on ICItreated MSI mCRC patient outcome remains unclear given the insufficient statistical
power. Note that canonic mutations recurrently associated with colon tumor among which some were
previously proposed to affect response to ICl, e.g., in KRAS, BRAF, B2M and other cancer-related genes,
were infirmed as being relevant in C1 and not further investigated in C2 (SUPPLEMENTARY FIGURE S3).

Identification of an MSI-driven signature predictive of response to ICls by monitoring somatic mutations
on a selected set of microsatellite sequences by machine learning

Our results suggest that a number of somatic variants in microsatellite-containing genes may be
potentially associated with ICI resistance in MSI mCRC, without any of them having a sufficient value
alone. In light of these new insights, we hypothesized that response to treatment would be better
predicted by considering these potentially influential events together in a single classification model.

From C1 (Training cohort), we trained a supervised binary classifier (Random Forest, RF) considering the
relapse status as the dependent variables and the mutational status of the 19 microsatellites whose
mutations were identified as being associated with response to treatment using univariate cox model as
the independent variables (Fig. 3A). Applying the trained model in C2 (Validation cohort), we were able to
show that the same model was significantly associated to iPFS (Fig. 3B). FIGURE 3 also illustrates the
two groups of variants whose presence and absence in tumor DNA contribute to predicting resistance to
ICl in MSI mCRC patients (see the heatmap on Fig. 3C). In addition, no prognostic impact of the same
DNA predictor was detected when examined in the 5 cohorts of patients with MSI metastatic (PFS) or
nonmetastatic (DFS, Disease-Free Survival) colorectal cancer untreated with ICI, thus validating the
specificity of the predictive nature of this indicator regarding ICl-treated MSI mCRC patients (Fig. 3B).

Supervised RNAseq analysis fails to identify established phenotypic markers associated with response to
ICl in MSI mCRC patients

We then sought to evaluate established general phenotypic and cellular marker of response to ICI. Three
types of markers were applied to and systematically assessed in both discovery (C1) and validation (C2)
cohorts, i.e., signatures quantifying cellular components of the tumor microenvironment, single gene
expression levels, and pathway-level estimations of expression. TME (tumor microenvironment)
components previously associated to differential response to ICI such as the infiltration levels of T or B
lymphocytes, of the monocyte lineage or of fibroblasts could not be reproducibly associated to iPFS in
the two ICI-treated MSI mCRC cohorts (Fig. 4A). Similarly, the level of expression of the two targeted
immune-checkpoint PD-1, PD-L T and CTLA-4 was not robustly associated to iPFS under immunotherapy.
In addition to this focused approach, a systematic screen was applied. A total of 99 RNA signatures of
cellular component of the TME were tested encompassing various immune and stromal phenotypes,
none of which had a significant association with iPFS in either cohort (FDR 5%) (Fig. 4B and 4E and

SUPPLEMENTARY TABLE S4). Similar results were obtained with the estimated expression activity of
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3,365 pathways (Fig. 4C and 4F). More specifically, gene sets involved in angiogenesis, epithelial-to-
mesenchymal transition, related TGF-beta and Wnt/Wingless signaling pathways, as well as TNF,
interferon, KRAS or mTOR had either a minor and unreproduced association with iPFS in one cohort but
more generally no significant correlation with survival in any of the two ICl-treated MSI mCRC cohorts
(SUPPLEMENTARY FIGURE S4). Finally, the gene-level expression association (10,515 genes tested)
identified 5 genes with significant association to iPFS in C2 with either no association with iPFS in C1
and often an opposite hazard-ratio (Fig. 4D and 4G). Overall, signatures previously established in generic
contexts or associated to response to ICl in MSS tumors failed to show any signal in MSI mCRC.

An independent component analysis of the MSI tumor
transcriptome predicts ICI resistance in mCRC patients

In order to identify context-dependent RNA signatures, i.e.,, phenotypic descriptors effectively observable
in MSI mCRC, an unsupervised blind source separation approach was applied to the 44 NIPICOL
transcriptome profiles (C1). Ten independent components were extracted, four of which were significantly
associated to objective response as evaluated by iRECIST in C1 (SUPPLEMENTARY FIGURE S5) 2°. Two
of these were also associated to shorter iPFS in this cohort of patients treated with a combination of ICI
suggesting a long-term predictive value of these signatures. Finally, only one of these was also
associated to iPFS in C2 (SUPPLEMENTARY FIGURE S5). This signature was associated to a tendon-like
phenotype, extracellular matrix (ECM)-producing and interacting genes and was considered as an RNA
signature of malignant-associated fibrosis and to be referred to as a stromal signature. The signature
was significantly correlated to an RNA-based quantification of fibroblasts (P<0.001) and anti-correlated
to the tumor cellularity (P<0.001) confirming its stromal origin (Fig. 5A and SUPPLEMENTARY FIGURE
S6). A transcriptomic deconvolution model of the consensus molecular subtypes of CRC (CMS1 to
CMS4) was applied to C1 identifying most samples as mainly CMS1 (72%) as well as a substantial
number of samples as predominantly CMS4 (22%) 32. The estimated intra-tumoral proportion of CMS4
was significantly anti-correlated with tumor cellularity (R=-0.66, P<0.001), suggesting the estimated
intra-tumor CMS4 proportion to be quantifying a stromal phenotype rather than an epithelial tumor
phenotype. The stromal signature was also significantly correlated with the intra-tumor CMS4 proportion,
suggesting to specifically quantify the stromal counterpart of the CMS4 subtype.

As a continuous score quantifying the level of tumor-associated fibrosis, the signature was significantly
associated to iPFS of patients under ICl in C1 (HR=1.87,95% CI [1.06—-3.3]) and in C2 (HR =1.75,95% Cl
[1.03-2.98]) (Fig. 5B). Kaplan-Meier analyses of the stromal signature and its significant clinical impact
regarding response to ICl in patients from C1 and C2 are also shown in FIGURE 5C. To evaluate the
specificity of the prognostic value of the stromal signature to ICl-treated patient, the signature was
applied to five series of nonmetastatic or metastatic MSI CRC that did not receive ICI (Fig. 5D). The
stromal signature was not associated to disease-free survival (DFS) or progression-free survival (PFS) in
any of the five series, both in metastatic (PFS) and nonmetastatic (DFS) settings, suggesting a strong
specific predictive value of this RNA indicator for the efficacy of immune checkpoint inhibitors in MSI
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mCRC. In contrast, none of the CMS signature could be associated to iPFS in both C1 and C2
(SUPPLEMENTARY FIGURE S6).

Multivariate Analyses

We finally examined the effect of both RNA and DNA signatures in predicting iPFS to ICl in MSI mCRC
patients using a multivariate model (Fig. 6). Either when taking into account both signatures in a
continuous or a discrete way, the multivariate analysis indicated that both signatures were independently
predictive of iPFS (Fig. 6A). Figures 6B and 6C show how these DNA and RNA signatures are
complementary and effective when used together in predicting the response of patients to ICl treatment.
In patients in whom both are absent (i.e., group low.low), in 34/66 or 51.5% of cases, only one
progression event is observed (risk of relapse 1/34, 3%) whereas the remaining progression events are all
detected in patients in whom at least one of the two signatures is present (i.e., group high.low, low.high or
high.high, risk of relapse 11/32, 34.4%). Overall, one or another of the signatures is able to predict
progression in the majority of patients with disease progression (8/12, 66%) while both the signatures
when positive are observed in all but one remaining patients with disease progression (3/12, 25%). This
makes these signatures a sensitive classifier tool capable of predicting relapse in almost all patients
(only 1 relapse observed in the low.low group), albeit with low specificity.

Discussion

In this study, we examine the issue of response to ICl in patients with MSI mCRC. Two prospective
cohorts of patients that are larger than any other in the field are examined to investigate this question.
The study is limited to CRC patients only, thus avoiding the risk that the origin of the primary tumor might
interfere with the results. The dual approach of high-throughput analysis of tumor DNA and RNA enables
us to perform both supervised and unsupervised analyses in the aim of investigating ICl-response
associated genotypes and phenotypes. Note worthily, the dMMR/MSI status of the tumors was
systematically rechecked in our expert center as part of this ancillary study to avoid misdiagnoses which
can deeply impact the findings of such translational research studies, as recently reported 2533, Besides,
the specificity of the predictive nature of the DNA/RNA indicators we identified regarding iPFS in patients
treated with ICl was assessed by examining also their association to survival (PFS or DFS) in several
distinct cohorts regrouping several hundreds of patients with MSI metastatic or nonmetastatic colorectal
cancer untreated with ICI (i.e, prognostic value versus predictive value). All these points constitute
methodological strengths of the present work compared to others in the field which remain few in number
and based on smaller number of patients. For these reasons, we believe that our findings are therefore
robust and likely to provide a new basis for refining the use of ICl in patients with MSI cancer tomorrow, at
least in the metastatic CRC setting and possibly in a more general context.

We first show that several previously suggested indicators are unlikely to have any predictive values
regarding response to ICl in MSI mCRC patients. This is primarily the case for the quantitative markers

MSiIsensor and TMB 16 Our data establish that these markers, which are quantitative and related to the
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level of nucleotide instability in tumor cells, no longer seem to have any capacity in the clinic for
predicting the response to ICl in patients when the diagnostic errors regarding the MSI status of the
tumors are corrected upstream and false positive MSI cases with expected low MSlsensor score and TMB
are therefore excluded. These results indicate the importance of rigorously confirming an MSI phenotype
before the use of ICl immunotherapy, since as expected, all but one of the false positive MSI cases
display early resistance to this treatment. In the future, it will be important to validate these negative
results, by continuing to examine the effect of these markers in other series of patients with metastatic
MSI tumors treated with ICI, being very vigilant about their AIMMR/MSI status at the time of diagnosis, as

previously stated 2°.

In addition, our analyses based on previously defined candidate DNA/RNA markers of resistance, e.g., the
specific somatic DNA variants, the activity of canonical signaling pathways or the presence of specific
cellular contingents within the tumor bulk, failed to identify robust predictors of ICl response in patients.
Some of these markers may contribute to some extent to modulate the patients' response to ICl in some
MSI mCRC, and more generally may be predictive of ICI efficacy in MMR proficient tumors. Nevertheless,
their prognostic value and clinical relevance was not confirmed in our cohorts of ICl-treated MSI mCRC.
Though one somatic noncoding microsatellite variant in TTNAS1 was statistically confirmed to be of
clinical interest, the lack of mechanistic data connecting this event to a specific functional scenario leads
to consider this candidate with caution for the moment. Its association with treatment resistance will
definitely need to be confirmed in subsequent studies.

In this particular context, the breakthrough results we have achieved in this study stem from the fact that
we report two distinct original signatures derived from a more global analysis of the DNA and RNA
profiles of ICI-treated MSI mCRC. In brief, the DNA signature analyzes the combination of roughly twenty
microsatellite variants whose presence and/or absence predicts response to ICl in patients, aggregating
independent somatic events within microsatellite containing-genes associated to distinct biological
processes. The reliability of this MSI-driven DNA signature originates from the fact that we validate its
clinical impact in the ImmunoMSI cohort following its initial elaboration in the NIPCOL training cohort
using machine learning. In addition, an RNA component is also predictive of ICI responses in MSI mCRC
patients. This component is stromal in nature. It is complex and involves the expression of a number of
genes associated with the extracellular matrix. Several functional hypotheses can be proposed to explain
this result, in relation to a rich literature that has already provided evidence that the extracellular matrix
and its heterogeneous content could promote resistance to ICl in MSS tumor models associated with
various primary locations (for review see 34). The RNA contingent we are identifying could thus play such
a role by promoting, for example, immune-exclusion or sequestration processes in the context of
increased fibrosis generated in and around the tumor. It could also modulate the response to treatment
through non-mutually exclusive mechanisms involving more specifically the cancer-associated
fibroblasts hosted in or responsible for the matrix generation. In the future, it will be important to examine
these multiple functional routes by further analyzing the complex nature of this ICI resistant-related
stroma in the MSI cancer setting.
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Our study has some limitations. It does not shed light on simple and clear mechanisms underlying
resistance to ICl in MSI mCRC. In this respect, it is not yet very enlightening for the identification of novel
therapeutic targets that could be of interest in the future for patients with primary or secondary resistance
to anti-PD-1 £ anti-CTL4. Furthermore, although our results were established on a large prospective
collection of patients including two independent cohorts, one of which is a clinical trial, they still require
validation in new populations of metastatic MSI cancer patients, with colorectal tumor but possibly also
other primary MSI cancer. Despite these weaknesses, the 2 signatures we outline here from the analysis
of the tumor bulk are easy to investigate and can be implemented in the context of a clinical routine; the
DNA signature requires the analysis of the status of only 19 microsatellite markers within the tumor,
ideally by NGS but possibly also by other methods while the RNA signature requires to perform 3'RNA-
sequencing which is a simple, reproducible and feasible method to be used with paraffin-embedded
tumor samples, the cost of which has now decreased considerably. It is very interesting to note that these
two signatures are complementary and primarily detect distinct scenarii of ICI resistance in patients. We
thus recommend to use both of them for patients given they have independent predictive value. Here their
joint use made it possible to identify a first group of patients whose response to ICl is almost always
excellent, in contrast to a second group in which all but one treatment resistance was observed. Such a
classification should be of interest for the design of future strategies improving ICI for MSI cancer
patients in clinics.

Materials And Methods
Patients

The Nipicol clinical trial (C1) was conducted in accordance with the tenets of the Declaration 170 of
Helsinki and Good Clinical Practice Guidelines, after approval by the ethics board, and was registered at
ClinicalTrials.gov (Clinical trial number: NCT03350126). Written informed consent was obtained from all
patients. Concerning ImmunoMSI prospective cohort (C2), all consecutive MSI/dMMR mCRC patients
enrolled in ICl trials (anti-PD-1 monotherapy or the anti-PD-1 plus anti-CTLA-4 combination) or treated
with ICI (anti-PD-1 monotherapy) under a compassionate used program at Saint-Antoine Hospital,
Medical Oncology department (Prof. Thierry André) from February 2015 to December 2019, were
included. This research was approved by the ethics committee (N°2020 — CER 2020-6).

Sample preparation and sequencing

For Nipicol cohort, genomic DNA isolated from formalin- fixed paraffin- embedded (FFPE) were captured
using Twist Human Core Exome Enrichment System (Twist Bioscience) + IntegraGen Custom as
previously described 3°. For InmunoMSI cohort, hybridization probes and extension primers were
designed using Roche's HyperDesign Tool for NGS Target Enrichment process. Sequence capture,
enrichment and elution were performed according to manufacturer’s instruction and protocols without
modification except for library preparation performed with NEBNext® Ultra Il kit (New England Biolabs®).
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DNA samples were then sequenced on an Illumina NovaSeq as Paired-end 100 reads. The generated
reads were mapped to the reference genome hg38 (GRCh38).

Assessment of microsatellite status

All CRC samples from C1, C2 and other cohorts used in this post-hoc study were centrally reassessed for
MSI and dMMR status using immunohistochemistry (IHC) and for MSI using polymerase chain reaction
(PCR) as described. Next, MSlsensor (version 0.6) and MSICare were used by default on paired normal-
tumor exome data, to evaluate the mutation status of microsatellites using considering the whole exome
data. MSlsensor score threshold of 10% or more was used to classify the MSI-H tumor (MSI-High) and a

MSICare threshold of 20% was used to define MSI status as previously described 3.

Exome Analysis and Mutational load

Variant calling for the identification of SNVs (Single Nucleotide Variations) and small insertions/deletions
(up to 20bp), was performed via the Broad Institute’'s GATK Haplotype Caller GVCF tool (GATK3.8.1) for
constitutional DNA and via the Broad Institute’'s MuTect tool (2.0, -max_alt_alleles_in_normal_count = 2; -
max_alt_allele_in_normal_fraction = 0.04) for somatic DNA. A Fisher's Exact Test is applied after MuTect2
variant calling to improve filtering of variants with strand bias. The tumor mutational burden (TMB) is
calculated by dividing the number of somatic mutations by the number of bases having a depth greater
than 10. The somatic mutations used for the mutational load were filtered as follows: Somatic score &gt;
3, Mutated Allele Frequency in Tumor tissue = 5%, Mutated Allele Count in Tumor tissue = 3, Mutated
Allele Frequency in Constitutional tissue < 4%.

Survival analysis of ICl treated patients

Survival analysis on ICI patients was performed from the date of first infusion of any ICI. iPFS by iRECIST
29 was calculated from the first dose to the first documented PD with subsequent confirmation, or death
resulting from any cause, whichever occurred first. Kaplan Meier curves were used to visualize difference
in progression free survival (iPFS) between patients’ groups diverging on genomic instability (TMB-High
or MSISensor-High or MSICare-High,>20th percentile; TMB-Low or MSISensor-Low or MSICare-low < 20th
percentile). Log-rank test was performed using the R package Survival (version 3.2.3).

Feature selection and data pre-processing

To face the high dimensionality curse before running a machine learning algorithm on our high
dimension dataset (over 279 positions explored) we decided to keep only the positions with a Cox
regression P-value in Nipicol lower than 0.05 36. We also decided to only focus on variations in MS
regions.

In order to train a Random Forest (RF) model on our DNA sequencing data, we had process missing
sequencing data at certain locations for some patients. Indeed, RF does not support missing data in its
learning or prediction. As a result, the missing data must be imputed. However, we have applied a filter to
the maximum rate of missing data allowed in a position in Nipicol to avoid the amount of bias introduced
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by the imputation. To do so, we firstly calculated this value in other available WES cohorts of MSI CRC,
i.e., the public cohort TCGA and two other large private cohorts we have already sequenced and analyzed
in the lab (data not shown). This allows us to exclude positions that are generally difficult to sequence.
Secondly, we did the same on the Nipicol cohort to exclude the remaining mis-sequenced positions. We
have chosen to allow a maximum of 5% of missing data per MS over the external WES or Nipicol.

Once done, we iteratively imputed missing data using the python scikit-learn package 2/ which imputes
missing values by modeling those as a function of the other non-missing values. We used an Extra Tree
regression model for the imputation. Because of the class imbalance in our training cohort (4 non-
responder vs. 19 responder) we applied an up-sampling process to balance the two classes and increase
the size of the cohort.

Random Forest training and validation

With those filters we selected 19 MS variations of interest on which we trained our RF model. We used the
RF model integrated in the python scikit-learn package with 2000 trees.

We used a matrix containing the mutation status for each MS in every Nipicol patient (1 if mutated, 0
else) as the input values and the iPFS status as the binary target values. We obtained a model that was
able to predict the progression risk of a patient taking into account its sequencing on the 19 MS
investigated.

To validate our model, we predicted the progression risk for each ImmunoMSI patients. Then we ran a
Cox regression model to investigate the association between the survival and this new value.

Transcriptome profile generation and analysis

Total RNA was extracted for every tumor sample using QIAGEN Allprep protocol (ref
10.2144/000113829). 150ng of total RNA was used to generate RNAseq sequencing library using
Lexogen Quantseq 3’ FWD kit and sequenced by the Institut du cerveau iGenseq plateform on a NovaSeq
6000 aiming for a minimum of 10 million reads. Raw RNAseq reads were mapped to the human genome
(Ensembl GRCH38) and Ensembl’s reference transcriptome using STAR. Gene counts were obtained using
FeatureCount, normalized by an UpperQuartile procedure and logged on a base 2.

Gene-set definitions of pathways were taken from the Molecular Signature Database (MSigDB v7.5.1) as
well as the BioPlanet pathways database (2019) which was downloaded from the EnrichR website.
Pathway-level activity was inferred from gene expression levels using the GSVA method with a Gaussian
kernel. Based on the ImmuneDeconv evaluation and implementation, five methods for tumor
microenvironment quantification were used: XCell, EPIC, Cibersort, MCPcounter and Estimate.

Independent Component Analysis (ICA) was performed on the sample-wise centered gene expression
values of the 5,000 genes with the highest average and variable (as measured by standard deviation)
expression. The JADE (joint approximation diagonalization of Eigen-matrices) algorithm was applied to
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extract 10 components as previously described 38. The ICA components were projected on other
transcriptomic dataset by first selecting genes in common in the reference ICA (computed from the C1
cohort) and in the new transcriptomic dataset. The cross-product of the gene-weight inverted matrix was
used as the projection of a new dataset, resulting in 10 scores (one per ICA component) for each new
sample.

The intra-tumor proportion of the consensus molecular subtypes of colorectal cancer were estimated
using the centroids of the original study 32 and the WISP deconvolution method (cit-
bioinfo.github.io/WISP/).

Validation of specific predictive value of genomic and
transcriptomic signatures

In order to validate the specificity of the predictive value of both DNA and RNA signatures in MSI mCRC
patients treated with ICI, the absence of clinical impact of both these signatures was evaluated in
prospective and retrospective additional cohorts of metastatic and nonmetastatic patients with MSI CRC
untreated with ICI. We performed Cox survival analyses to examine the METAMSI cohort (retrospective,
metastatic MSI CRC: DNA, n =21; RNA, n = 13), the IDEA cohort (clinical trial, nonmetastatic MSI CRC:
RNA, n = 95), the MOSAIC cohort (clinical trial, nonmetastatic MSI CRC: RNA, n = 86), the TIMSI cohort
(retrospective, nonmetastatic MSI CRC: DNA, n =81; RNA, n = 39) and the TCGA cohort (nonmetastatic
MSI CRC: DNA, n = 68; RNA, n = 48).
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MSS, microsatellite stable; mCRC, metastatic colorectal cancer; ICl, immune checkpoint inhibitors; IHC,

Immunohistochemistry; QC, quality control; pMMR, mismatch repair proficient.
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Exome and target sequencing analysis

A) Bar plots show the MSlsensor score and TMB distribution according to iRECIST status of patients (left
panel) 2°. Using a MSlsensor score of 10%, false negative dAMMR/MSI samples samples from the
NIPICOL cohort are framed in red and true negative pMMR/MSS samples are framed in blue. Box plots
show the percentage of mutated microsatellites (MSlcare score) according to MSI/MSS status of the
tumor samples (left panel). CR, complete response (dark green); PR, partial response (light green); SD,
stable disease (orange); PD, progressive disease (dark red).

B) Progression free survival (iPFS) curve before (upper panel) and after (lower panel) exclusion of initially
misdiagnosed pMMR/MSS tumor samples. Both for the TMB or for the MSlsensore score, the top 20%
are indicated as high (red line) and the rest as low (blue line). For TMB, 20% was chosen because this
cutoff optimized the significance of the P-value between the two groups.

C) The Venn diagram shows the number and percentage of genes containing non-repeat (NR) and repeat
(R) variants.

D) Model of distribution of microsatellite variant frequency across samples according to microsatellite
size. The color gradient indicates the density of the b-binomial logistic regression model. The green curve
represents the median of the observed mutation frequencies, and the blue curve represents the median
obtained from the model. Pie chart indicate the proportion of Microsatellites in exonic (orange), non-
coding (green), splicing (blue) and UTRs (pink) regions.

E) Histogram of the number of genes with at least one NR variant according to the mutation frequency of
these variants.

F) Histogram of P-values from cox analysis for R and NR variants in the C1 Nipicol cohort. A zoom was
performed on those having a Pvalue lower than 0.1 after sequencing in the C2 ImmunoMSI cohort.
Repeat variants are shown in dark blue and non-repeat variants in light blue. The only variant remaining
significant after P-value correction in ImmunoMSI is encircled in red. Genes’ name of the 22 somatic
variants with a significant effect on patients' survival in both C1 and C2 cohorts at alpha=10% are
indicated in red.
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Figure 3

MS selection and random Forest analysis on somatic variants.

A) Counts of microsatellites according to their P-value of the uni-variate Cox regression on the 23 patients
Nipicol subset. Red and green bar represent the sequenced microsatellites in the validation cohort
ImmunoMSI, with respectively a P-value < 0.05 and 0.05 < p-value < 0.1. The top forestplot represent the
Cox survival regression results on model prediction of risk output. High (P-value < 0.05, DNA signature) in
green vs low stringency of Cox features selection based on P-value in red. The bottom forestplot
represent the DNA signature with progression-free survival in other cohorts of CRC patients untreated with
ICI.
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B) Kaplan-Meier curves of iPFS are shown accordingly to risk probability in ImmunoMSI only. Red curve
corresponds to patients with low probability (<10%) and blue curve corresponds to patients with high
probability (>10%) RF probability. Log-rank test p-value between the group equals 0.00312.

C) Heatmap representation of NIPICOL (C1) and ImmunoMSI (C2). Overview of mutations profile for each
patient on the liste of 19 selected microsatellites (MS, see genes’ name and chromosomal location on the
left). Bottom bars represent their treatment (combo-therapy or mono-therapy), survival (time-to-event),
event (Responder or Non-Responder) and DNA.signature (probabilty of non-response given by the RF).
Patients are ordered based on predicted risk of progress and MS are ordered in function of mutation
frequency in Nipicol cohort.
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Figure 4

A) Univariate analyses of the association between cell population quantification estimation or single-
gene expression levels and the progression-free survival in the two cohorts treated with ICI.

B-G) Distribution of Cox’s proportional hazard P-value measuring the association of tumor
microenvironment signatures (b,e), Pathway'’s estimated activity (c,f) or single-gene expression levels
(d,g) with progression-free survival in C1 and in either the entire C2 (b,c,d) or only in the subset of C2 in
which patients received the same combination of ICI than in C1 (ef,g). In the plots, Pvalues are signed so
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that association with increased risk (HR > 1) are positive and association with decreased risk (HR < 1) are
negative.
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Figure 5

A) Heatmap of the stromal signature, patients (in column) are ordered by the estimated quantification of

the stromal ICA signature. iRECIST status of patients 2° are shown along with gene-wise centered
expression values of the gene most associated to the component, tumor purity estimated by the non-
repeated variant allele frequency, MCPcounter -based fibroblast quantification estimate, the main CMS
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(consensus molecular subtype) and the intra-tumoral proportion estimate of CMS4. Pathway-level activity
estimate are also shown along with the Gene Set Enrichment Analysis estimates.

B) Univariate association with progression-free survival in C1 or C2 of the continuous score of the
signature or of a classification using the third quartile as a threshold (Q3 cut-off).

C) Kaplan-Meier estimates using the third quantile threshold of the stromal signature.

D) Forestplot of the RNA signature with progression-free survival in other cohorts of CRC patients
untreated with ICI.
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Figure 6

A) Forestplot of the RNA or DNA signatures as well as the combination of both (Combo) considering the
continuous value (upper panel) or by discretizing the values (lower panel) of the signatures.

B) Kaplan-Meier estimates of iPFS as a function of the intensity combination of the two signatures. High
RNA and DNA signatures are shown in red. Low RNA and DNA signatures are shown in green. High RNA
signature and weak DNA signature are shown in orange and low RNA signature and high DNA signature
are shown in purple.
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C) Heatmap representation, in C1 and C2, of the DNA and RNA models predictions in regard with the
patients iPFS, iRECIST status and the treatment (combo-therapy or mono-therapy) 2°.
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