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Immune system control is a principal hurdle in cancer evolution. The
temporal dynamics ofimmune evasion remainincompletely characterized,
and how immune-mediated selectioninterrelates with epigenome
alterationis unclear. Here we infer the genome- and epigenome-driven
evolutionary dynamics of tumor-immune coevolution within primary
colorectal cancers (CRCs). We utilize a multiregion multiomic dataset of
matched genome, transcriptome and chromatin accessibility profiling
from 495 single glands (from 29 CRCs) supplemented with high-resolution
spatially resolved neoantigen sequencing data and multiplexed imaging

of the tumor microenvironment from 82 microbiopsies within 11 CRCs.
Somatic chromatin accessibility alterations contribute to accessibility loss
of antigen-presenting genes and silencing of neoantigens. Immune escape
and exclusion occur at the outset of CRC formation, and later intratumoral
differences inimmuno-editing are negligible or exclusive to sites of invasion.

Collectively,immune evasion in CRC follows a ‘Big Bang’ evolutionary
pattern, whereby itis acquired close to transformation and defines
subsequent cancer-immune evolution.

Tumors are shaped continuously by interactions with their environ-
ment, especially by the ongoing ‘war’ with theimmune system. Neoan-
tigens—new peptides originating from somatic mutations—may elicit
immune recognition, but tumors ultimately evade immune elimination
by immune-editing (losing antigenic mutations), immune-escape (for
example, hampering antigen presentation), immune exclusion (manip-
ulating the tumor microenvironment (TME) to limitimmune presence)
oracombination of these mechanisms'. Immune evasion s unlikely to
beabinary on/off trait, but rather a continuous phenotype modulated
by the strength of the contribution of these factors. Immunotherapies
aim to re-engage the immune system in its war against cancer; thus,
understanding the mechanisms underlying immune evasion is para-
mount for treatment success.

Colorectal cancers (CRCs) generally display a relatively active
immune microenvironment with substantial tumor-infiltrating
lymphocytes®. About 15% of CRCs are mismatch repair (MMR) defi-
cient (MMRd), which is associated with a higher neoantigen burden,
enhanced immune presence®* and good response to immune check-
pointblockade (ICB) therapies; however, up to 30% of MMRd CRCs do
not respond’. MM proficient (MMRp) CRCs harbor a lower mutation
burden than MMRd CRCs and ICB treatments are ineffective®, indicat-
ing that immune evasion in MMRp tumors probably occurs through
mechanisms alternative to those targeted by current ICB drugs. None-
theless, immune infiltrate is prognostic for CRC’, indicating a central
role for the immune system in CRC evolution. Indeed, most MMRp
cancers carry (several) putative clonal neoantigen mutations® and,
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whereas only a subset of these might be sufficiently presented’, they
may still be capable of T cell activation' ™%

Immune evasion through genetic means (for example, muta-
tions that hamper immune recognition of neoantigens) is common
in CRCs*", Our previous mathematical modeling found thatescapeis
essential for MMRd CRC development, and is a crucial step in MMRp
CRC formation when immune surveillance is stringent**'*. The role
of the epigenome in modulating tumor antigenicity has received less
attention: somatic changes in chromatin organization are known to
contribute to the cancer immunophenotype, but their impact on
immune escape and editing have not been completely assessed” ™. In
seminal studies from the TRACERx consortium'®'’, promoter hyper-
methylation hasbeenidentified as mechanism of neoantigensilencing
inlung cancer®. Analogously, closing chromatin may lead to repression
of antigen expression, meaning thatimmune selection could strongly
shapeacancer’s epigenome architecture.

Previous analysesrelied on bulk sequencing data from superficial
tumors, and so were probably unable to detect subclonal and hetero-
geneousimmune evolutionary dynamics that could be associated with
disease spread. Further, theinvasive margin—the cancer regionindirect
contact with normal tissue—is probably amain determinant of overall
immune evasion/elimination, but has rarely been studied directly
becauseitistypically fixed for diagnostic purposes and unavailable for
research??. Insummary, spatial heterogeneity in CRC immuno-editing
and escape remains incompletely characterized.

Here we explore the interplay between immune evasion and the
epigenome, highlighting arole for chromatin architecture in suppress-
ing expression of neoantigens and antigen-presenting machinery in
CRC. We characterize immune evasion (microenvironment restructur-
ing and genetic immune escape) at the individual tumor gland-level,
exploring intratumor heterogeneity within and across different mor-
phological contexts. We leverage our existing multiregion multiomic
sequencing (matched genome, transcriptome and chromatin acces-
sibility profiling) of 495 single glands (representing 29 CRCs) from our
previously published Evolutionary Predictions in Colorectal Cancer
(EPICC) study®*. We supplemented this with newly generated data that
combines targeted neoantigen sequencing and highly multiplexed TME
profiling of 82 microbiopsies representing distinct tumor-associated
regions from a subset of 11 EPICC cases, including lymph node metas-
tases and distant normal mucosa.

Results

Multimodal immune analysis of CRC microbiopsies

We analyzed the immune landscape of 29 CRCs at single tumor gland
resolution, using multiomic (whole-genome sequencing (WGS), RNA
sequencing (RNA-seq) and assay for transposase-accessible chroma-
tin using sequencing (ATAC-seq)) analysis of fresh frozen (FF) single
glands, coupled with high-depth panel sequencing (PS) and cyclic
immunofluorescence® (CyCIF) imaging of matched formalin-fixed
paraffin-embedded (FFPE) biopsies. The collection and processing of
FF samples have been described previously™* (Fig. 1a). We obtained
diagnostic FFPE blocks from 11 patients with MMRp stage Il CRCs and
lymph node metastasis. We microdissected small regions representing
superficial tumor, invasive margin and lymph node deposits (Fig. 1a)
and sequenced genomic regions associated with the immunopepti-
dome* (Methods). Inasubset of these regions, we visualized 22 proteins
that identified immune cell types or regulatory receptor expression
(Supplementary Table 2) using CyCIF (Methods). In total, we assembled
sequencing data from a total of 495 FF and 82 FFPE biopsies from 29
patients (median of 15 FF and eight FFPE biopsies per patient) with
concurrent CyCIF analysis of eight patients.

In both whole-genome- and panel-sequenced biopsies, we pre-
dicted the antigenicity of each somatic mutation using NeoPred-
Pipe”®. We defined the (proportional) neoantigen burden of each
biopsy as the number of mutations present that gave rise to at least

one strong-binding, cancer-specific mutated peptide, normalized to
the total burden of protein-changing mutations. For samples with suf-
ficient mutations, we quantified immune selection using the ratio of
nonsynonymous to synonymous mutations in theimmunopeptidome
(immune dNdS) using SOPRANO? (Fig. 1a; Methods).

In FF-WGS samples, we characterized candidateimmune escape
alterations: single nucleotide variants (SNVs), frameshifts and
loss-of-heterozygosity (LOH) in HLA genes, high-impact alterations
inother antigen-presenting genes (APGs; see Methods for list) and high
expression of PD-L1or CTLA-4 (as measured by RNA-seq). Samples with
aLOH, frameshift, stop-gain alteration or several SNVsin APGs, or with
overexpression of PD-L1 and CTLA-4 were labeled ‘escaped, whereas
samples with asingle SNV or moderate PD-L1/CTLA-4 expression were
labeled ‘potential escape’ (Fig. 1b and Extended Data Fig. 1).

Neoantigen burden, immune dNdS, genetic immune escape
alterations and immune markers each showed high interpatient but
moderate intrapatient variability (Fig. 1b,c). As expected, total muta-
tion burden was correlated strongly with the number, but not the
proportion of antigenic mutations; immune dNdS values showed
areversed, albeit highly uncertain relationship with proportional
burden (Extended DataFig.2). MMRd cancers (n = 6) had significantly
higher mutation load than MMRp cancers (Extended Data Fig. 2a,b;
median synonymous burden 307 versus 18; median total neoantigen
burden 292 versus 23, two-sided Wilcoxon signed-rank test P <107)
and all carried clonal high-impactimmune escape alterations (Fig. 1b
and Extended Data Fig. 1). Overall, immune escape alterations were
detectedin14 of 29 cancers; these were clonal in 8 cases and subclonal
in 6 (all MMRp; Extended DataFig. 1).

Epigenetic regulation of antigen presentation

We showed previously that somatic chromatin accessibility alterations
(SCAAs) evoked genome-wide rewiring of transcription factor (TF)
binding that altered interferon signaling, suggesting suppression of
immune signaling through epigenetic regulation”. We therefore exam-
ined therole of the epigenome in enablingimmune escape by looking
for SCAAs associated with APGs (Methods) in 25 CRCs. We detected
atotal of 45 SCAAs, all in promoter regions upstream of these APGs.
Of these 34 APGs, 21 (62%) had at least one SCAA and 9 of 25 (36%) of
patients had at least one APG affected by a SCAA. Notably, 42 (93%)
of the SCAAs were losses of accessibility, significantly different than
expected based on the genome-wide distribution of SCAAs (P =0.025;
Methods). None of the SCAAs co-occurred with somatic mutations in
those genes (Fig. 2a). This exclusivity could indicate that mutations
are more likely to be found in expressed genes or that SCAAs are an
alternate route to antigen presentation disruption.

We explored predicted TF binding sites within SCAA-loss APG pro-
moter regions. Atotal of ten ATAC-seq peaksin these promoters showed
recurrent somatic loss (present in more than one patient), associated
with eight distinct APGs. We found ten TFs that bound more than two
of these regions (Methods), most notably NFIC, which had binding sites
inthe silenced promoter of all eight recurrently SCAA-affected APGs
(Extended DataFig.3a). Although these TFs had a high number of bind-
ing sitesgenome-wide, they were enriched for APG-SCAA-loss site bind-
ing (one-sided Fisher-test P= 0.042). Furthermore, they covered several
APG promoters, whereas other TFs targeted few APGs (for example,
ZNF32bound only the FERAP2SCAA-loss sites; Supplementary Table1).
Except for CTCFL and TBPL2, these TFs were expressed in most RNA
sequenced samples, confirming their relevance in CRC.

Examining gene expression of SCAA-loss APGs, we observed that
ERAP2 (SCAA-lossinthree cancersand three adenomas), had considera-
bly lower expressioninthe affected cancers thaninnormal tissue (mean
variance stabilizing transformation (VST) count = 6.8 versus 7.9) and
inunaffected cancers (mean VST count = 8.1; Extended Data Fig. 3b,c).
However, we did not observe a systematic decrease in expression across
allgene-patient combinations (Extended Data Fig. 3¢c). Looking more
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Fig. 1| Multiomic sequencing and multiplex imaging of the cancer-immune
landscape of CRCs. a, Overview of sample collection (middle), processing and
analysis of FF (left) and FFPE (right) biopsies. b, Neoantigen burden, synonymous
mutation burden,immune dNdS and immune escape mutation overview of all

FF-WGS samples, ordered by average neoantigen burden and MMR status. Error
bars depict Cls forimmune dNdS estimates, truncated at 3.5. ¢, Neoantigen
burden, immune dNdS and immune infiltrate overview of all FFPE-PS samples,
ordered by average neoantigen burden.

broadly, chromatin accessibility of promoters (quantified as ATAC-seq
counts per millionreads, regardless of somatic status) showed a posi-
tive correlation with gene expression across all genes (Spearman corre-
lation, R = 0.12; P <107*), which was more pronounced in genes with low
average expression (gene group 4inref.23; R=0.19). We suggest SCAAs
generally impact gene expression but, due to their permissive (not
directly causative) nature, the effect(s) may not always manifest. How-
ever, chromatin changes may contribute to phenotypic plasticity by
extendingor restricting the range of accessible gene expression states.

Motivated by our previous findings that gene expressionin CRCs
shows high plasticity?’, we examined the heritability of APG expression
(Supplementary Note) using phylogenetic signal analysis?*, Strong
or recurrent phylogenetic signal correlated with subclonal HLA LOH
and subclonal differences in the pattern of open chromatin in cancer
C559 (Extended Data Fig. 3d,e). However, the generally low level of
phylogenetic signal (onlyin17 of 297 gene-cancer combinations evalu-
ated), combined with high intratumor heterogeneity confirms that the
expression of APGs is plastic, similar to most genes.

Immuno-editing through SCAAs and transcriptional
regulation

We examined whether epigenome reorganization preferentially
silences neoantigens, (that s, epigeneticimmuno-editing). We collated
the chromatinaccessibility of all genetic loci where a protein-changing

mutation was detected. Neoantigens were enriched in genes where
SCAAs tended to close chromatin (Fisher’s exact test odds ratio
(OR) (neoantigenandscaaloss) = 1.46 (1.05-2.03); Fig. 2b), and this observation
was also true on the individual cancer level (P=0.017; Fig. 2c). SCAA
loss enrichment was significant in MMRd cancers (Fisher’s exact test
OR (necantigenand scaaloss) = 1.52 (1.03-2.27)) but not in MMRp—the latter
probably due to lack of power, as the distribution of neoantigens and
SCAA-loss-affected mutations was not different between MMRp and
MMRd cancers (x*-test P= 0.37). We also found that significantly more
SCAAlosses were associated with neoantigens than with nonantigenic
SNVs (P=0.0085; Extended Data Fig. 4a).

Next, we examined transcriptional expression of neoanti-
gens. We compared the proportion of neoantigens to nonantigenic
protein-changing mutations falling within specific genes, and found
thatgenes with high and consistent expression (groups1and 2 of ref. 23;
Supplementary Note) were depleted significantly of clonal, but not
subclonal, SNV neoantigens (Fisher’s exact test OR eoantigen andingroup 1) =
0.73 (0.54-1.00) and OR coantigen and ingroup2) = 0.75 (0.60-0.94); Fig. 2d
and Extended DataFig. 4b-d). Frameshift neoantigens showed similar
patterns (Extended Data Fig.4e-h), suggesting clonal neoantigens are
typically found in genes with low and/or variable expression.

We also examined allele-specific expression of neoantigens. Clonal
neoantigens were significantly less likely to be expressed (Fisher’s
exact test OR (eoantigenandnotexpressedy = 1.53 (1.03-2.30)) than non-antigenic
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clonal SNVs (Fig. 2e), and this was also true on the level of individual
cancers (Fig. 2f). Subclonal mutations showed no significant difference;
however, this could have been due to lack of power, as downsampling
clonal mutations to similar numbers also eliminated the previously
observed difference (only 3 of 50 downsampled clonal datasets sig-
nificant). Further, neoantigen silencing was more widespread within
acancer (observed in more biopsies from that cancer) than silencing
of nonantigenic SNVs (Fig. 2g). Overall, around 50% of neoantigens
were found to be transcriptionally immuno-edited, with the excep-
tion of C516—a highly escaped Lynch syndrome-associated MMRd
cancer (Extended Data Fig. 1). After exclusion of this cancer, we con-
firmed transcriptomicsilencing of neoantigensin all (Fisher’s exact test
OR(neoantigen andnotexpressed) — 2.07 (099_440)' OR(cIonaI neoantigen and notexpressed) —
2.88 (1'2_7'0)) and MMRp cancers (OR(clonaIneoamigen and not expressed) — 3.7
(1.1-14.3)).

Collectively, we observed that (clonal) neoantigens are enriched
ingenes withlow expression and/orinregions of closed chromatinand
are further depleted through allele-specific expression modulation.
All these processes of postgenetic immuno-editing are likely to have
anunderlying somatic epigenetic mechanism.

Immune exclusion and suppression across tumor regions

We next examined how the structure and composition of the TME
contributed to immune evasion. Quantitative analysis of CyCIF data
showed that overall tumors were significantly depleted of immune
cells (Fig. 1c). The fraction of CD8" cytotoxic T lymphocytes (CTLs)
was significantly lower in superficial tumor andintheinvasive margin
than in adjacent normal mucosa (P=3x107and P=3 x 107, respec-
tively; Fig. 3a) and CTLs were more distant from epithelial cells in
tumor-containing regions than in normal mucosa (P < 107); Fig. 3b,c).
CTL-tumor cell distance was highest in superficial tumor regions.
Further, CTLA-4-expressing FOXP3" regulatory T cells (T, cells), associ-
ated with animmune-suppressive function, were enriched inall tumor
regions compared to normal mucosa (P=0.012,P=0.01andP=6 x107
for superficial tumor, invasive margin and node; Fig. 3d), consistent
with previous reports®.

We confirmed that lymphocyte infiltration was reduced in superfi-
cial tumor samples compared to adjacent and distant normal mucosa,
using deep-learning-based cell classifier analysis of hematoxylin and
eosin (H&E) staining™ (P=1.5x10"%, P=1.6 x 107, respectively; Extended
DataFig. 5; Methods). However, the total lymphocyte countintheinva-
sive margin and lymph node deposits was similar to that observed in
normal samples, indicating specific depletion of CTLs atinvasion.

Prevalence and consequence of geneticimmune escape

We next examined the evolution of genetic immune escape altera-
tions. Clonalimmune escape mutations were detectedin 8 of 29 CRCs
(Figs. 1b and 4a,b and Extended Data Fig. 1) with three cancers (C518,
C524,C548; Fig. 4c,d and Extended Data Fig. 1) carrying multiple HLA
alterations on independent branches of their phylogenetic tree. This
parallel emergence suggests strong selection for immune escape’.
Minor subclones with immune escape alterations (alteration present
in less than 25% of samples from a tumor) were detected in a further
four cases (C537, C543, C547, C559; Fig. 1b and Extended Data Fig. 1).
Two HLA mutations (in C524 and in C537) were also confirmed in the
invasive margin of matched FFPE-PS samples.

We found that alterations with the highest predicted impact
on immune evasion (based on previous studies) were mostly
shared across the whole tumor or several spatially distinct regions,
meaning that they were early evolutionary events. For example,
beta-2-microglobulin (B2M) mutations were all clonal (n = 4; Fig. 4b
and Extended DataFig.1), and matched RNA-seq revealed significantly
decreased B2M expression in these cancers, confirming the impact
of these mutations (Extended Data Fig. 6a). Similarly, mutations in
NLRCS and RFXAP—essential factors in the MHC class I enhanceosome®

that reduced expression of class | MHC genes (HLA-A, -B and -C;
Extended Data Fig. 6b)—were also shared across several regions. HLA
LOH, acommonimmune escape mechanism shown to be more impact-
ful than HLA mutations®?*, was also clonal or near-clonal in four out of
five cancerswithHLALOH (Fig.4aand Extended DataFig.1). Incontrast,
probably low-impact (SNV) mutations in APGs showed the highest
variability within tumors: we detected eight HLA SNVs and five SNVs
in other APGs that were unique to a single gland or tumor region. We
suggest that these alterations probably confer only limited disruption
to neoantigen presentation and are weakly selected.

To examine the timing of immune evasion during initial cancer
formation, we evaluated neoantigens and immune escape variants
in 25 glands from eight colorectal adenomas (CRAs), including an
advanced cancer-adjacent MMRd adenoma from patient C516. We note
that these adenomas were not the precursor to the CRC, evidenced by
the very few shared CRA-CRC mutations. No adenoma glands carried
immune escape mutations, with the exception of the advanced CRA
in C516 (Extended Data Fig. 1). Further, CRAs had significantly lower
proportional neoantigen burden than CRCs (Fig. 4e; Methods), indicat-
ing thatimmune surveillance is more active or effective in CRAs than
in CRCs. The two MMRp CRAs detected adjacent to MMRd CRCs did
not bias this observation, as it was reiterated in MMRp-only samples
(Extended Data Fig. 6¢c). Therefore, we suggest that immune escape
occurs at the outset of, or early during, CRC outgrowth.

We measured how the presence and extent of genetically or epi-
genetically drivenimmune escape correlated with immune selection
and infiltration. In MMRp CRCs, we observed a trend for lower overall
neoantigenburden (Fig. 4f) ingenetically escaped regions, especially
when compared to cancers with only epigenetic alteration, although
this trend was not significant when accounting for same-patient biop-
sies through a mixed-effect model (Methods). Noteworthy was that
C524 and C548—cases with parallel evolution of HLA alterations—had
biopsies withimmune dNdS <1 (stringentimmuno-editing) suggesting
past stringentimmune surveillance could have led to selection for these
HLA alterations (Fig. 1b). Partially escaped CRCs also had anintermedi-
ate overall proportional neoantigen burden, withimmune dNdS values
below1, indicatingimmuno-editing (Extended Data Fig. 6d).

In the matched CyCIF data, PD-1* cells, VISTA" cells and CD163*
cells, which are known to mediate T cell exhaustion® and promote
tumor growth, were enriched in partially escaped cancers (Fig. 4g
and Extended DataFig. 7a,b), indicatinga TME withimpairedimmune
elimination ability. Fibroblasts were more abundant in escaped can-
cers, while CTLs and T, cells showed no difference by escape status
(Fig. 4h and Extended Data Fig. 7b,c). Epigenetically escaped cancers
(without genetic escape), when compared to nonescaped biopsies,
showed an enrichment of CD68" cells (macrophages) and CD45RO*
cells (memory T cells), suggesting an association between SCAA-loss
ofantigen presentation and the TME. Using RNA-seq data, we explored
the transforming growth factor beta (TGFp) signaling pathway, often
modulated in cancer-associated fibroblasts and associated with T cell
exclusion. We observed a trend for higher fibroblast TGF[ signature
(F-TBRS*) in partially and epigenetically escaped samples, and that
TGFp receptor 2 (TGFBR2) had significantly higher expression in
escaped cancer biopsies than nonescaped or partially escaped ones
(Extended Data Fig. 7g,h). These findings suggest that genetically
escaped cancers were subject to strong selection during early develop-
ment, before expansion or gaining subclonal escape.

We also assessed the intratumor distribution of neoantigens
(Supplementary Note) and found that significant depletion in vari-
ant allele frequencies (VAFs)—associated with immune selection—
was restricted to escaped MMRp cases (Kolmogorov-Smirnov test
P=0.012; Extended data Fig. 8a-c), and neoantigens were as likely to
be shared between samples from a tumor as nonantigenic mutations
(Extended Data Fig. 8d-f). These data are indicative of relatively uni-
formimmune selective pressures across large tumor regions.
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¢, Representative CyCIF images showing epithelial cells (red) and cytotoxic
T cells (green) in normal mucosa (i) and in superficial tumor (ii). Pointsina
andd correspond to individual ROIs. The P value of the mixed-effects model
incorporating Patient as arandom effect is indicated at the top ofaand d.

Intratumor heterogeneity inimmuno-editing

We sought to further explore intratumor heterogeneity in genetic
immuno-editing using our spatially resolved gland-level samples. We
examined the correlation between histological region and neoantigen
burdenincomparisonto the presence/absence ofimmune escape and
other gland-to-gland tumor-intrinsic difference. The genetic simi-
larity of samples correlated with the physical/phylogenetic distance
between samples (Extended Data Fig. 9a,b). Multivariable regression
(Methods) showed that the vast majority of neoantigen burden varia-
tion was explained by patient-specific effects and progression status
(CRA versus CRC), with negligible contribution from other variables
(Fig. 5aand Extended Data Fig. 9¢). Patient-specific effects also domi-
nated over the histological location of the sample (superficial, invasive
edge or node) (Fig. 5b and Extended Data Fig. 9d). Using the immune
dNdS measure in place of neoantigen burden gave analogous results
(Extended DataFig. 9e,f). This was also true when clonal and subclonal
mutations were considered separately, and when tumors were stratified
by immune escape status (Extended Data Fig. 9g-i).

Weanalyzed theimpact of subclonalimmune escape by comparing
neoantigen burdens between mutated and unmutated phylogeneti-
cally closeregions in cancers with subclonalimmune escape mutations
(Extended Data Fig.1; Methods). Subclonal escape was not associated sys-
tematically with higher normalized neoantigen burden orimmune dNdS
values, with the exception of HLA-mutated biopsiesin C543 that did carry
ahigher antigenic burden (Fig. 5¢,d). These data confirm that subclonal
escape had, at most, amodest effect onthe intensity ofimmuno-editing.

To confirmthat results were not dependent on the clonal neoanti-
genburden, we performed downsampling of clonal SNVs and repeated
the multivariate regression against proportional neoantigen burden

(Supplementary Fig. 1 and Supplementary Methods). In most cases
we still did not observe significant differences between subclonally
immune escaped and phylogenetically related regions.

Localized tumor-immune interactions at the invasive margin
We next focused on immuno-editing and TME structure in FFPE-PS
samples, to identify spatially diverse determinants at the invasive mar-
gin and lymph node deposits. We mapped association between TME
components and immuno-editing through a multivariable analysis
extendingFig. 5b, where weincluded key infiltratesidentified inour pre-
vious analyses (Extended DataFig.10a). We found that CTLs and CD163*
macrophages and CTLA-4" T, cells showed an association with neoan-
tigen burden. When categorizing lymphocytes as tumor-infiltrating,
adjacent or distant”, we observed that invasive margins had a higher
ratio of infiltrating lymphocytes compared to the superficial tumor
(Fig. 6a), although this observation could not be reproduced in CyCIF
images, probably due toreduced sample size. CyCIF revealed that the
proportionof PD-L1*tumor cells (probably repressive of T cell activity)
was significantly higher at the invasive margin than in superficial tumor
(Fig. 6b). These results imply heightened immune surveillance at the
invasive margin that is then reduced in node deposits.

We soughtadditional evidence of heightenedimmune surveillance
attheinvasive edge by deriving15 cellular neighborhoods* (CNs), from
our CyCIF data (Supplementary Methods and Extended Data Fig.10b).
The fraction of cells belonging to CN3 (highly enriched for PD-L1" cells,
including PD-L1" epithelial cells) was significantly higher in invasive
margin and node deposits than in superficial tumor, while CN10 (also
with general enrichment for PD-L1" cells) was present at similar pro-
portionsinall tumor-associated regions (Extended Data Fig.10c,d).
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PD-L1" tumor cells were dispersed within PD-L1" neighborhoods,
evenwithin single tumor glands (Fig. 6¢), suggesting high plasticity in
PD-L1expression. We examined colocalisation of CTLs and PD-L1" cells
and found that PD-L1" epithelial cells were significantly closer to CTLs
than PD-L1 epithelial cells, with the closest PD-L1"'~-CTL relationship
observedintheinvasive margin (Fig. 6d and Extended DataFig.10e,f).
Nonepithelial cells expressing PD-L1 were also enriched in the invasive
margin, as well as in node deposits (Extended Data Fig. 10g). Moreo-
ver, PD-L1" cells were mixed uniformly with (cognate) PD-1" cells in
the invasive margin and node, whereas they often showed exclusion
in superficial tumor and normal tissue (Fig. 6e). These observations
suggest that CTL surveillance is heightened at the invasive edge and
PD-L1expression may arise as an adaptive response to it.

In matched genomic data, we explored immune selection signal
withinthe invasive margin samples specifically. We observed that these
samples contained candidate highly immunogenic neoantigens at
lower VAFs than nonimmunogenic mutations (Kolmogorov-Smirnov
test P=6 x107*; Supplementary Methods and Supplementary Fig. 2a).
Depletion of neoantigens was most prevalent within small subclones
(0.05<VAF < 0.1, P=2 x107*; Fig. 6f). On the other hand, no neo-
antigen VAF depletion was observed in superficial tumor or node
deposits (Supplementary Fig. 2b,c), or for low-antigenicity neo-
antigens (Supplementary Fig. 2d), in agreement with our earlier
finding that sample location was not associated with systematic dif-
ferences neoantigen elimination. Therefore, itappears that enhanced
immuno-editing occurs as a variable ongoing process at the point

of invasion, affecting primarily very small subclones (-100 cells) of
increased immunogenicity.

Discussion

Inthis work, we mapped the interplay of epigenetic, geneticand micro-
environmental processes that collectively establish immune evasion
and shape tumor-immune coevolution in CRC. Our analyses indicate
thatimmune evasion processes are part of the ‘Big Bang’ that forms
CRCs”, which thenspecifies the immunogenicity of the whole cancer.

We found that SCAAs contribute to downregulation of
neoantigen-carrying genes and genes associated with antigen
presentation. We identified several TFs as potential regulators of
APGs through SCAA losses. Notably, NFIC binding sites covered all
SCAA-affected APGs, although its functional validation as an experi-
mental target for immunomodulation in CRC is necessary. Promis-
ingly, NFIC has recently been indicated inimmunotherapy response
in a subgroup of lung cancer patients, where its silencing led to an
immune escaped phenotype®.

We found that immunogenic alterations are depleted preferen-
tially in transcription through (so far uncharacterized) epigenetic
mechanisms, especially relevant for the control of clonal neoantigens
that immune selection probably acts upon***%. Our results align with
previous observations that epigenetic and environmental factors play
asubstantial rolein determining cancer prognosis, immune sensitivity
and response to immunotherapy?’*~*. Consequently, mapping the
epigenome could identify patients with lower/higher potential for
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immunotherapy response; large cohort studies are required. Feasibly,
drugs modifying the epigenome or selected TF activity could have a
profound impact on neoantigen presentation and potentially syn-
ergize with immunotherapeutic drugs. This will require future work

on epigenetic target validation in patient-derived co-culture model
systems such as organoids*’.

Although there is heterogeneity in the neoantigen burden and
composition of the immune microenvironment, we observed that
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clonal features are mostimportant for determining immunogenicity.
We found that the acquisition of immune tolerance happens before
or during early carcinomaexpansion, as microenvironmental remod-
eling was prevalent throughout all tumor-associated regions, coupled
with high-impact immune escape genetic alterations and epigenetic
processes to ensure reduced neoantigen presentation and immune
activation. This results in a ‘Big Bang’ tumor-immune coevolution
where pre-expansion somatic alterations and TME features determine
the clonal neoantigen burden of these cancers and set the trajectory
of evolution, with ongoing (subclonal) selection forces playing only
aweak role. This is in agreement with our previous work that also
highlighted a shift inimmunogenicity before carcinoma expansion™.
Collectively, these data suggest that CRC are no longer engaged inan
‘all-out war’ with theimmune system after initial expansion. We found
thatongoing ‘battles’ of cancer-immune interaction are limited to small
localized subclones along the invasive margin of MMRp CRCs, where we
presume that there is a large change in immune microenvironmental
composition and hence more pronounced immuno-editing. These
subclones are characterized by an intricate interplay of higher CTL
infiltration, depletion of subclonal neoantigens and PD-L1" expression,
painting the picture of an ‘ongoing skirmish’ between active immune
and cancer cells. However, we did not observe any variation associ-
ated with subclonalimmune alterations within the superficial tumor,
confirming that the tumor bulkis not shaped by such ongoing battles.

Overall, our workindicates the acquisition ofimmune escape and/
or an immune excluded microenvironment is part of the ‘Big Bang’
necessary for early carcinoma expansion in CRCs. We observe that
epigenetic, transcriptomic and microenvironmental mechanisms add
alayer of regulation to theimmunogenomic profile of CRC cells, allow-
ing further adaptation through both hereditary and plastic means. Our
findings suggest evaluating and targeting of epigenetic machinery and
TME reorganization as a new way to stratify patients and potentially
enhance the efficacy ofimmunotherapy.

Online content
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Methods

Sample collection and sequencing

Our FF-WGS samples were comprised of processed data from previous
sequencing experiments of our evolutionary predictionsin CRC cohort,
which has been described in refs. 15,23. All patients gave informed
consent in writing for collection of their materials to the UCLH Can-
cer Biobank (Research Ethics Committee approval 15/YH/0311). All
investigators were blinded to patient datarelated to outcome, and all
clinicopathological information.

Our FFPE-PS samples originated from 11 stage Il microsatellite-
stable cancers with lymph node metastases from the same cohort, 9
of which are shared with FF-WGS samples. FFPE sections were cut in
the following order: H&E-1 (5 um), 5 x 8 um for laser capture micro-
dissection, H&E-2 (5 um), 8 x 5 um for CyCIF, H&E-3 (5 pm). The H&E
slides from each FFPE block were digitized using the NanoZoomer
$210 or S60 (Hamamatsu). Images were reviewed using NDPViewer
software (v.2.9.29).

Regions of interest (ROIs) were identified as single glands or clus-
ters of smalladjacent glands (microbiopsies) from superficial, invasive
margin or lymph node deposits. Superficial regions were defined as
cancer regions adjacent to or contiguous with normal mucosa. The
tumor-normal interface was identified where possible, and the inva-
sive margin was defined as the region within 500 pm either side of the
tumor-normalinterface (with an overall extent of ~1 mm).

Panel sequencing. ROIs were microdissected using PALM MicroBeam
Laser Microdissection (Zeiss). DNA was extracted using the High Pure
FFPET DNA Isolation Kit (Roche). Extracted FFPE DNA was repaired
using the NEBNext FFPE DNA Repair Mix. Postrepair, whole-genome
libraries were prepared using the NEBNext Ultrall FSDNA Library Prep
Kit for llluminawith unique molecular identifier (UMI) adapters ligated
onto DNA molecules.

PSon FFPE sampleswas carried out using acustom targeted panel
designed by L. Zapata and manufactured by Twist BioSciences, focusing
onregions encoding the immunopeptidome and antigen-presenting
related genes. The immunopeptidome was defined as the set of
the human nine-mers that bind strongly to one of the top 70 HLA
alleles, was confirmed T cell positive in IEDB and were derived from
a gene with mean expression of more than one fragments per kilo-
base million pancancer. The final list of these immunopeptidome
loci can be obtained from: https://github.com/luisgls/SOPRANO/
blob/master/immunopeptidomes/human/allhlaBinders_
exprmeanl.IEDBpeps.unique.bed.

The Twist Target Enrichment Protocol was used to hybridize
probes from the this custom panel with prepared libraries. Hybrid-
ized targets were isolated and amplified with PCR. Paired-end 50-bp
runs were performed on Novaseq S1 (Illumina).

Processing of sequencing data
The processing of FF-WGS data was detailed in ref. 15.

For FFPE-PS samples, three sets of fastq reads were aligned to
human reference genome build hg38 to generate an unmapped bam
using FastqToBam (Fgbio v.1.3.0). Fastq files were then created from
this unmapped bam (SamToFastq, Picard v.2.20.3) and aligned to
human reference genome build GRCh38/hg38 with Burrows-Wheeler
Aligner package BWA-MEM v.0.7.17. Alignment data from the outputted
bam from this step were merged with datain the previously generated
unmapped bam (using the MergeBamAlignment function of Picard
v.2.20.3). The merged bam file was then used as input for GroupReads-
ByUMI (Fgbiov.1.3.0).‘Adjacency’ was used as the strategy for grouping
so that errors were allowed between UMIs, but only when there was a
countgradient. The allowable number of edits/changes between UMIs
was set to 1, and minimum mapping quality to 30 (default).

Consensus sequences were called from reads with the same unique
molecular tag (CallMolecularConsensusReads) and filtered using

FilterConsensusReads to exclude consensus sequences with fewer than
two contributing reads, mask consensus bases with quality less than 30,
acceptamaximumraw-read error rate across the entire consensusread of
0.05, acceptamaximumerror rate for asingle consensus base of 0.1and
acceptamaximum fraction of 0.2 for no-calls in the read after filtering.

The filtered reads were then re-aligned to GRCh38/hg38, and
variant calling was performed using Mutect2 (v.4.1.4.1) with abed file
specifyingregions of the genome covered by the targeted panel. Nor-
mal samples from adjacent muscle were used as matched normal for
variant calling. Theresulting vcf files were merged for each patientand
passed to Platypus (v.0.8.1.1) for multiregion variant calling.

Variant calls were filtered to retain mutations within certain filter-
ing criteria and adequate support for the variant, as described in ref.
15. The samefilters were used for both FF-WGS and FFPE-PS samples,
exceptforrequiringatleast five and atleast eight reads covering each
site in FF-WGS and FFPE-PS samples, respectively.

FF-WGS samples sequenced at shallow depth were genotyped
andfitted on phylogenetic trees using the method described inref. 15.

Raw RNA-seq read counts were normalized and converted using
DESeq2 as described in ref. 15. The code for reproducing RNA-seq
processing can be found at https://github.com/JacobHouseham/
EPICC_transcriptome. Raw counts were converted either to tran-
script per million (TPM) values or processed counts following VST, see
2.gene_expression_normalisation_and_filtering.Rmd’ within the above
repository. TPM values were used to assess expression levels of genes
(for example, to establish constitutively expressed genes), while VST
values were used for between-sample comparison of aparticular gene.

HLA haplotyping
HLA-A,-B and -Chaplotyping was performed using polysolver® (v.1.0)
on FF-WGS samples, by running shell_call_hla_type with default set-
tings. As ethnicity information was not available, we used ‘Unknown’
forall samples. Toincrease coverage, we used merged bam files created
from all sequencing files from a given cancer. For validation, we also
performed haplotyping on merged bams formed of normal (blood or
normal colon tissue) samples and compared the predicted haplotypes.
The predicted haplotypes had a high concordance, with haplotypes
predicted using all samples providing one more heterozygous haplo-
type than normal-only haplotypes in 6 of 30 cases. Based on the aver-
age homozygosity across CRCs (as seen in TCGA CRC samples®), we
accepted the more heterozygous set of alleles predicted to define their
setof HLA alleles. For all HLA alterations, we confirmed that the altera-
tions are called independent of which haplotyping calls were used.
For FFPE-PS samples we used the calls derived from matched
FF-WGS samples. For the two patients where this was not available, we
performed haplotyping onadjacent normal mucosal samples following
the same steps as described above.

Immune escape prediction

Mutations in HLA. Somatic mutations in the HLA locus were pre-
dicted using polysolver* (v.1.0). The mutation detection script of
polysolver (shell_call_hla_mutations_from_type) was run on matched
tumor-normal pairs to call tumor-specific alterations in HLA-aligned
sequencing reads using MuTect (v.1.16). In addition, Strelka2*® (v.2.9.10)
was run independently to detect short insertions and deletions in
HLA-aligned with increased sensitivity. Both single nucleotide muta-
tions and frameshift alterations passing quality control were annotated
by shell_annotate_hla_mutations. Based on this annotation, a muta-
tion in the HLA locus was called if a mutation passed all quality filters
and introduced either a missense/nonsense change or was located
at a splice site. In addition, we also identified second-tier mutations
in unfiltered MuTect files that were detected in insufficient reads to
pass quality control, but the exact same nucleotide change was clearly
detected in another biopsy of the same tumor, allowing detection in
samples with low purity or sequencing coverage.
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LOH in HLA. LOH at the HLA locus was predicted using LOHHLA*
and sequenza®. First, we evaluated the allele-specific copy number
as predicted by sequenza (v.2.1.2) at the HLA-A, HLA-B and HLA-Cloci.
Samples with apredicted minor allele copy number of O (for example,
2:0,3:0) werelabeled as candidate LOH. Then, weran LOHHLA with the
polysolver-generated haplotype filesand matched tumor-normal pairs
asinput. Atype lallele of a patient was annotated as ‘allelicimbalance’
(Al) if the associated P value was lower than 0.01. Alleles with Al were
labeled as LOH if the following criteria held: (1) the predicted copy
number of the lost allele was below 0.5 with confidence interval (CI)
strictly below 0.7; (2) the copy number of the kept allele was above
0.75; (3) the number of mismatched sites between alleles was above 10.

HLA LOH was identified by both methods independently in 18
deep-sequenced samples. HLA LOHs called by only one of the methods
were inspected manually. Of LOHHLA-exclusive calls, two were found
to be false positives and four were identified as Als with a minor allele
copy number of 1. Of sequenza-exclusive calls, one region showed
clear LOH and got classified as HLA LOH; six samples showed similar
CN patternbut were missed by LOHHLA due to low purity—as adjacent
low-pass sequenced samples showed CN =1inthe HLAregion, we also
classified these as HLA LOH. In addition, 25 regions had allelic imbal-
ance detected by LOHHLA that were also confirmed in sequenza to
have a CNstate of 2:1or 3:1.

Mutations in APGs. We assembled alist of genesinvolvedinclass I type
MHC presentation, by using the KEGG pathway ‘antigen processing
and presentation’and MHC I pathway specifically. The following genes
were considered: TAP1, TAP2,IRF1, NLRCS, TBK1, PSME3, PSMEI, ERAP2,
ERAPI1,HSPBP1, CALR, B2M, PSME2,PSMA7, CANX, CIITA, TAPBP, CREB1,
HLA-A, HLA-B, HLA-C, HSP9OAA1, HSP90OABI1, HSPA2, HSPA4, HSPAS,
HSPA6, HSPAS, IFNG, NFYA, NFYB, NFYC, RFX5, REXANK and RFXAP.
Then, we evaluated the expression of each gene within our cohort
and filtered out genes that were not clearly expressed (=10 TPM) in at
least 5% of samples.

Then, we called evaluated the mutations called in these genes
following. Only mutations with at least moderate predicted impact
were called.

Neoantigen prediction and proportional burden computation
We predicted neoantigens from somatic mutation calls and
patient-specific HLA haplotypes using NeoPredPipe” for both FF-
WGS and FFPE-PS samples. We defined neoantigen burden in a sam-
ple as the number of (unique) mutations giving rise to at least one
strong-binding (rank <0.5) neoantigen. We focused our analysis on SNV
neoantigen burden, unless stated otherwise. We also computed the
total protein-changing mutation burden, and used this value to obtain
the proportional neoantigen burden for each sample, that is, what
percentage of mutations that has the potential to create aneoantigen
does actually lead to strong-binder neoantigens.

Defining clonal/subclonal neoantigens. We assigned clonal/
subclonal categories to all mutations (independent of neoantigen
status) based on their presence/absence in all available deep- or
panel-sequenced sample of a given cancer. As the targeted genome
region, sequencing strategy and sample types were different, we cre-
ated separate mutations lists of FF-WGS and FFPE-PS samples. For
FF-WGS samples, mutations presentinall sequenced cancer biopsies
were denoted as clonal and all other mutations (absentin atleast one
biopsy) as subclonal. For FFPE-PS samples, mutations present in all
biopsies were deemed clonal, and mutations absent in at least two
biopsies were denoted as subclonal.

Immune dNdS
Immune dNdS was computed using SOPRANO?, with somatic mutation
files and personalized immunopeptidome files derived specifically to

HLA haplotypes.First, the ratio between dNdSinside (ON-target dNdS)
and outside theimmunopeptidome (OFF-target dNdS) was computed
and corrected for 192-trinucleotide context. Then immune dNdS was
computed as the ratio of ON-to-OFF dNdS to correct for technical arte-
facts that could bias dNdS as computed in OFF-target regions. Samples
without any ON- or OFF-target synonymous mutations were excluded
fromthe analysis. Intotal,immune dNdS estimate was available for 61
FF-WGS and 41 FFPE-PS samples.

To compute immune dNdS separately, we first filtered somatic
mutation files to only contain mutations annotated as clonal, then
repeated the above procedure on these files.

SCAA and SCAA loss analysis

We identified SCAAs by comparing purity-corrected and copy
number-corrected ATAC-seq peak calls of cancer regions (per cancer)
to a pool of normal glands®. For immune escape genes, we filtered
SCAAs for those located in promoter or enhancer regions associated
with a gene from the list detailed in ‘Mutations in antigen-presenting
associated genes. Each SCAA was labeled as loss (fold change of cancer
compared to normal < -1) or gain (fold change of cancer compared to
normal >1).

To evaluate the observed number of SCAA losses, we repeated
the analysis 200 times with aset of 25-40 randomly chosen genes and
computed the number of SCAA losses and gains. We derived a P value
as the number of random samples we observed a value more extreme
than for APGs.

For neoantigen SCAA loss analysis, we filtered SCAA calls to obtain
only losses located in promoter regions (within 1,000 bp of the tran-
scriptionstartsite of agene). Each SCAA loss was annotated by the gene
towhich they were proximal. As most SCA alterations were found to be
clonal, we defined SCAA losses on the cancer level.

We then evaluated for each protein-alteration mutation within
a cancer whether the gene it is in had an associated SCAA loss or not.
For each cancer, we computed the proportion of mutations (both for
neoantigens and for nonantigenic mutations) that were classified as
downstream of a SCAA loss. Similarly, for each SCAA loss in a given
cancer, we evaluated whether it was upstream of a protein-changing
mutation and, if so, within each cancer, we counted the number of SCAA
losses upstream of neoantigen/nonantigenic mutations.

TF analysis. We used the TF binding sites obtained from curated human
TF motifs in ref. 21, also available as part of the processed Mendeley
dataset (‘Data availability’).

We examined the list of ATAC-seq peaks that showed statistically
significant somatic loss in at least one cancer (27 peaks, representing
20 unique APGs). We then filtered this set to peaks with loss in more
than one patient (recurrent SCAA losses), leading to a total of ten
genomic regions associated with eight APGs. We identified TFs that
are predicted to bind to these regions as those with a binding site in
<1,000 bp distance of agiven peak, using the distanceToNearest func-
tion of the GenomicRanges package in R. We selected for plotting ten
TFs that bound more than two of the regions (Extended Data Fig. 2a).

Transcriptional editing analysis

Foreach SNV detected in FF-WGS samples, we quantified the number
of reads in the matched RNA-seq data supporting the mutation using
bam-readcount (v.1.0.1)*. For amutation to be classified as expressed
in a sample, we required three or more RNA reads overlapping the
positionto support the variant base. For amutation to be classified as
notexpressed (thatis transcriptionally edited), we required more than
tenoverlappingreads, withzero supporting the variant. We chose the
threshold of more than ten so that the probability of misclassifying a
mutation present at a true allele frequency of 0.25 or higher was <5%.
Mutation-sample pairs that did not qualify for either of these catego-
ries were left blank to signify insufficient evidence.
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For each cancer, we computed the proportion of mutations
that had evidence of transcriptional editing (present in WGS but not
expressedinRNA-seq) inat least one sample. Similarly, for each muta-
tion in a cancer, we computed the number of samples that expressed
that mutation and the number of samples that (confidently) did not
express it. We excluded mutations that had sufficient evidence for
expressed/not status in fewer than two samples. We used the median
proportion of biopsies with evidence of editing to derive asingle value
per cancer per mutation type.

Analysis of H&E slides
Sections were cut from diagnostic FFPE blocks sampled at resection.
H&E slides pre- and post-laser capture microdissection (LCM) and
post-CyCIF were scanned using the NanoZoomer S210 slide scanner
(Hamamatsu). Representative sections were selected for annotations,
whichwere drawn on pre-LCM H&E slides as first choice in most cases.
Annotationsincluded: all tumor (onaslide); the tumor-normal inter-
face; any deposits of cancer withinnodes; and adjacent normal mucosa
(within 5 mm of superficial tumor) and normal mucosa further away
(>5 mmaway from tumor).

Annotations were made using the NDPViewer software (v.2.9.29).
The tumor-normal interface was expanded by 500 pm on either side
toidentify theinvasive margin. Images with annotations were analyzed
using a digital cell classifier, which uses deep learning methodology
modeled on a spatially constrained neural network architecture®.
The modelfirst detects cells through predicted location of cell nuclei,
then classifies them as: normal epithelial, cancer epithelial, fibroblast,
lymphocyte, neutrophil, macrophage, endothelial. Absolute counts are
calculated for each annotated region. For each annotation, number of
cells were normalized to the total number of epithelial cells to obtain
per epithelial cell counts.

In addition, we used a further classifier*” to class all
tumor-associated lymphocytes as infiltrating, adjacent or distant
based on proximity to tumor cells.

CyCIF imaging

ROIs that matched the cancer glands/microbiopsies used for LCM
were identified using the H&Es pre-LCM and post-LCM and extended
by anadditional1 mm at the edges. All CyCIF sections were 5 pm thick.
The maximum separation between the LCM slides and the CyCIF slide
was10 pm.

The protocol was based on previous methods from ref. 24. Full
details of fluorescent antibodies are listed in Supplementary Table 2.
Image and statistical analysis of CyCIF images is detailed in Supple-
mentary Methods.

Statistical analysis

All statistical analyses were carried outin R (v.4.4.2). All comparisons
between pairs of samples were carried out using two-sided unpaired
Wilcoxon rank sum test, without additional adjustment of P values,
unless stated otherwise. In all figures, visual elements of the boxplots
correspond to the following summary statistics: center line, median;
box limits, upper and lower quartiles; whiskers, 1.5x interquartile range.

Mixed-effect model with patient effect. To account for multiple
samples originating from the same patient, we used a mixed-effects
model implemented with the R package Ime4 (v.1.1.36). We incorpo-
rated Patient as a random effect and the tested variable (for example
CRA/CRC) as afixed effect affecting the intercept into the mixed-effects
model. The significance of the fixed effect was evaluated by comparing
this ‘full’ model to one with only random effects, using ANOVA. The
Pvalue of this test (Pr(>Chisq)) is reported as P(fixed effect).

Evaluating neoantigens in expressed genes and transcriptionally/
epigenetically silenced neoantigens. We created 2 x 2 contingency

tables by counting mutations thatare neoantigens/nonantigenicand (1)
inageneinthegiven gene group or not; (2) in a consistently expressed
gene ornot; (3) inagene with somatically closed promoter or not or (4)
notexpressed (missing) in at least one sample or not. Fisher’s exact test
was used to compute the OR and Cls on these tables. The above steps
were repeated separately on clonal and subclonal mutations alone.

Multivariable regression. Multivariable regression models were con-
structed using the functions betareg (for proportional burden) and Im
(forimmune dNdS). Sample type (gland/bulk for FF-WGS and super-
ficial tumor/IM/node for FFPE-PS), tissue type (adenoma/cancer),
immune escape (escape/weak-escape/no-escape) and patient were
encoded as categorical variables; purity as a continuous variable. For
Extended Data Fig. 10, sample type and patient were encoded as cat-
egorical variables and allimmune infiltrate values handled as continu-
ousvariables (unit: number per epithelial cell). Results were visualized
using the plot_summs function from the package jtools, omitting the
full list of coefficients assigned to patients (as well as sample type for
Extended DataFig.10a) to make the visuals easier tointerpret. Instead,
on Fig. 5a,b, the smallest and largest patient-associated coefficients
were identified and plotted to highlight the range of coefficients.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Processed data used in Figs. 1-6, Extended Data Figs. 1-10 and
Supplementary Figs. 1-2 and to derive summary tables are avail-
able at Mendeley: https://doi.org/10.17632/cjfmmc95dm.2. Raw
sequencing reads of FFPE-PS samples are available on the European
Genome-Phenome Archive at accession code EGAS50000001154.
Raw sequencing data of FF-WGS samples is available at accession
code EGAS00001005230, and previously generated processed data
at https://data.mendeley.com/datasets/7wx3chtsxx/2.

Code availability

Scriptsrequired toreproduce data processing and Figs.1-6, Extended
Data Figs. 1-10 and Supplementary Figs. 1-2 are available via GitHub
and Zenodo at https://github.com/elakatos/EPICC_immune_analysis
and https://doi.org/10.5281/zen0d0.16599726 (ref. 52).
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Extended Data Fig. 1| Phylogenetic trees reconstructed using FF-WGS data of
the 29 CRCs. (a-ac) Tree constructed for cancer C516 (a), C518 (b), C519 (c¢), C524
(d), C525(e), C527 (), C528 (g), C530 (h), C531 (i), C532 (j), C536 (k), C537 (1), C538
(m), C539 (n), C542 (0), C543 (p), C544 (q), C547 (r), C548 (s), C549 (t), C550 (u),
C551(v), C552 (w), C554 (x), C555(y), C559 (z), C560 (aa), C561(ab), C562 (ac).

Immune escape alterations are shown by arrows or over the branch they occurred
in. Light-coloured samples were sequenced using low-pass WGS and genotyped
using deep-sequenced samples. Biopsies in yellow shaded areas in (b,d k,I,p,s,w,x
& z) are subclones considered for subclone-specific normalised burden and
immune dNdS analysis in Fig. 5c, d.
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proportional neoantigen burden (a) and immune dNdS (b) between fresh frozen showing 95% confidence intervals. (g, h) Comparison of clonal and subclonal
whole genome sequencing (FF-WGS) biopsies from the same tumour region

(orange), from different tumour regions of the same tumour (green) and from

different cancers (purple). In total n =470 samples were compared in (a) and
n=121in(b). (c-f) Forest plots depicting the output of a multivariable regression with sufficient coverage/burden to compute immune-dNdS. Each line indicates
(Methods) investigating the association of proportional neoantigen burden
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(d, f,n=92) samples. Circles denote the estimated coefficients, with whiskers
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