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Locally advanced esophageal adenocarcinoma remains difficult to treat and
the ecological and evolutionary dynamics responsible for resistance and
recurrence are incompletely understood. Here, we performed longitudinal
multiomic analysis of patients with esophageal adenocarcinomain the
MEMORI trial. Multi-region multi-timepoint whole-exome and paired
transcriptome sequencing was performed on 27 patients before, during and
after neoadjuvant treatment. We found major transcriptomic changes during
treatment with upregulation of immune, stromal and oncogenic pathways.
Genetic datarevealed that clonal sweeps through treatment were rare.
Imaging mass cytometry and T cell receptor sequencing revealed remodeling
of the tumor microenvironment during treatment. The presence of genetic
immune escape, aless-cytotoxic T cell phenotype and alack of clonal T cell
expansions were linked to poor treatment response. In summary, there were
widespread transcriptional and environmental changes through treatment,
with limited clonal replacement, suggestive of phenotypic plasticity.

Esophageal cancer is the sixth most common cause of cancer-related
death worldwide, with a median overall survival of <l year'. Incidence
rates for esophageal adenocarcinoma (EAC) have risen sharply and it
is now the predominant subtype in high-income countries’. Patients
withlocally advanced EAC are treated with neoadjuvant chemotherapy
(CTx) or radiochemotherapy (RCTx) followed by surgical resection’.
Although neoadjuvant treatment confers a survival benefit over resec-
tion alone, 50-60% of tumors are resistant to neoadjuvant therapy,

leading to an overall poor outcome with a 5-year survival of less than
50% (refs.3,4). Immune-checkpoint blocking treatments seemto have
some potential in EAC*”, but have not revolutionized the standard of
carein the perioperative setting®.

Despite the advances in perioperative treatment strategies for
patients with EAC, the molecular understanding of both treatment
resistance mechanisms and the modulating effect of neoadjuvant
treatment are poorly understood. Translational studies showed that
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Fig. 1| Experimental workflow and overview of the study cohort. a, Flowchart
summarizing patient treatment and study design, including respective
neoadjuvant treatment, sample acquisition and analyses. FOLFOX, oxaliplatin
and 5-FU; EOX, epirubicin, oxaliplatin and capecitabine; WES, whole-exome
sequencing; RNA-seq, RNA-sequencing; IMC, imaging mass cytometry;

TCR-seq, T cell receptor sequencing. b,c, Overview of the study cohort of NRPs
(b) and REPs (c) with indication of samples present for each type of data analysis.
Samples from different timepoints are indicated with different shapes. Age, age
at diagnosis; Brg, Becker remission grade.

response to neoadjuvant treatment correlated with enrichment of
lymphocytes, high immune-checkpoint molecules and p53 pathway
enrichmentin the treatment-naive tumor’; however, longitudinal analy-
ses to determine ecological and evolutionary dynamics, which could
discriminate pre-existing and progressively developing factors leading
to treatment resistance are lacking.

Sequencing studies have examined the genetic alterations in
EACs during treatment to understand evolutionary dynamics that
may lead to treatment resistance'®'%. The translational goal of these
studies is to translate measures of the evolutionary dynamics into
treatment-predictive biomarkers; however, thereis growing evidence
that genetic evolution alone does not fully explain resistance evolu-
tion™. Tumor plasticity, defined as cellular phenotype changes in the
absence of underlying genetic change, is associated with treatment
resistance inmultiple cancer types'*'°. Furthermore, there is mounting
evidence that the efficacy of chemotherapies also relies on activating
antitumorimmune responses”. Translational results from the PANDA
trial highlighted measures of the tumor microenvironment (TME) as

animportant predictor for response to combined immune-checkpoint
blockade (ICB) and CTx in the neoadjuvant setting’®.

Thereisamajor practical challengein collecting longitudinal sam-
plesoverspaceand time fromsolid tumors, limiting the availability of this
valuable data. Here we have performed multi-region, multi-timepoint
whole-exome sequencing (WES) at high depth (mean 300x) of locally
advanced EAC to identify mutations and track clonal dynamics across
time and space, withmatched RNA sequencing (RNA-seq) to characterize
phenotype changes, andimaging mass cytometry (IMC) and T cell recep-
tor (TCR) sequencing to characterizeimmune infiltrates and stromal cell
dynamics. Our comprehensive analysis provides a holistic multiomic
view of the dynamic changes in EAC and-its microenvironment through
neoadjuvant treatment.

Results

Longitudinal profiling in nonresponder and responder EAC
EAC patients in the MEMORI trial' underwent baseline **F-FDG-PET
(18-fluorodesoxyglucose positron emission tomography) followed by
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one cycle of neoadjuvant platinum-based chemotherapy (CTx), with
metabolic response assessed at day 14-21by *®F-FDG-PET. Responders
(REPs; asshown by PET-CT scan) continued to receive chemotherapy,
whereas nonresponders (NRPs) by PET-CT were switched to intensified
radiochemotherapy (RCTx); for detailed information see Methods. The
clinical trial outcomes have been fully reported previously” and here
we report on subsequent molecular genetic analyses of a completed
trial. Of screened MEMORI patients, 13% (n = 21) were excluded due to
no/low FDG uptake in the primary tumor”. FDG uptake intensity was
notassociated with global transcriptomic differences (Extended Data
Fig.1a), suggesting no major stratification in biologically different
subgroups based oninitial PET signal intensity. Pathological response
inthe post-treatment sample was assessed viatumor regression grades
according to Becker®. Overall, 70% of NRPs showed remission gradel,
compared to only 35% of REPs (Extended Data Fig. 1b); however, despite
the addition of RCTx leading to an augmented histological response
rate, poor early metabolic response was still associated with inferior
progression-free survival and overall survival (Extended Data Fig. 1c,d).
Analogous results were reported in the AGITG DOCTOR trial®. Given
thatinitial PET-measured metabolic response correlated with outcome,
our study design therefore aimed to analyze ecological and evolution-
ary dynamicsin REPs and NRPs to understand the cellular and molecular
effect of different treatment modalities in EAC.

Longitudinal molecular analysis was performed on 10 NRPs and
17 REPs (Fig. 1a). From most patients, three cancer samples were
collected: one pretreatment biopsy (timepoint A), one biopsy after
the first cycle of platinum-based chemotherapy (timepoint B) and
the surgical cancer resection specimen sample after completion of
neoadjuvant treatment (timepoint C) (Fig. 1a-c). For two patients
(REP10 and REP11) we performed more extensive multi-timepoint and
multi-region sampling (=6 samples per patient).

After clinical and histopathological review (Supplementary Table1)
allsamples were microdissected (Methods) and whole-exome sequenced
(22 tumor samples from NRPs and 48 tumor samples from REPs; at
mean coverage of 300x (range 44-478x) with matched blood germline
control at mean coverage of 282x (Supplementary Table 2). We called
single-nucleotide variants (SNVs), indels and copy number alterations
(CNAs). Tumor cellularity was not significantly different between time-
points (Extended DataFig. 2a). Matched bulk 3’ RNA-seq was performed
on 26 samples from NRPs and 54 samples from REPs (Supplementary
Table 3). Immune composition during treatment was analyzed with a
21-marker IMC panel (39 regions of interest (ROIs) from 16 NRP samples
and 74 ROIs from 27 REPs samples; Fig. 1b,c). Bulk TCR sequencing was
performed on18 samples from REPs and 9 samples from NRPs (Fig. 1b,c).

Limited evidence for clonal selection during treatment
Wefirst assessed genetic changes in REPs and NRPs (Fig. 2a-c), finding
anaverage mutational burden of23.09 SNVs/Mb (range 7.5-127.7 SNVs
per Mb) in treatment-naive EAC, consistent with previous literature
after accounting for our higher sequencing depth?*,

Theoverall SNV burdenbetween pre- and post-treatment samples
showed neither a significant difference in the overall cohort (Fig. 2a)
nor when stratified by initial response (Fig. 2b).

We assessed changes in mutation clonality, reasoning that if
treatment drove clonal selection, we might see increased clonal and/
or subclonal mutational burden between pre- and post-treatment;
however, no significant difference was detected for either mutation
class (Fig. 2c), nor after stratifying by the treatment that was given
(Extended DataFig. 2b,c).

To probe clonal dynamics, we constructed SNV-based phyloge-
netic trees for 13 patients with multi-timepoint and multi-region sam-
ples (=3 samples) (Fig. 2d and Extended Data Fig. 2d)**. The majority of
phylogenetic trees were visually ‘balanced’ with similar clade lengths
for all samples. We observed progressive clonal sweeps during neo-
adjuvant treatment in only one sample (NRP9; Fig. 2d and Extended
DataFig. 2d). Inall other cases, samples from timepoint C were either
most similar to precursor clones of samples from timepoints Aand B
(for example REP22), or most similar to a clone detected at timepoint
A (for example REP10). Notably, patients with multi-region sampling
(REP10 and REP11) showed more similarity between samples from dif*-
ferent timepoints than between multi-region samples. A parsimonious
explanation of these observations is that the cancer was a mosaic of
clones, and inferred clonal relationships between timepoints and/or
spatial samples were determined by spatial sampling rather thanby a
clonal sweep driven by treatment.

Known high-frequency driver events such as TP53 and CDKN2A
were mostly truncal on the phylogenetic trees, indicating that these
drivers persisted through treatment. TP53 SNVs were present in 17
patients (Figs.2d and 3e and Extended Data Fig. 2d) and TP53indels in
4 out of 27 patients (Figs. 2d and 3e and Extended Data Fig. 2d), with 14
out of 23 patients with >2 samples harboring clonal TP53 alterations
present in all samples. CDKN2A SNVs were present in two patients
(Fig. 3e and Extended Data Fig. 2d) and CDKN2A indelsin four patients
(Figs. 2d and 3e) with clonal genetic CDKN2A alterations in 5 out of 23
patients with >2 samples (Figs. 2d and 3e), consistent with previous
literature?**%, We examined the phylogenetic trees from 11 patients
with sequencing from pre- and post-treatment timepoints, findingin
6 patients that there were new low-frequency putative drivers (those
mutated in <5% of samplesin IntOGen cohorts) post-treatmentandin
the remaining 5 patients there were no new drivers post-treatment.
This suggests no major changes in the clonal make-up for the majority
of patients during neoadjuvant treatment.

dN/dS analyses (the ratio of nonsynonymous to synonymous
substitutions) to detect evidence of clonal selection of treatment
induced SNVsshowed dN/dS-1for treatment-naive and RCTxinduced
SNVs, indicating no evidence of selection. dN/dS of 0.8 (CI 0.7-0.96)
for CTx-induced SNVs showed weak evidence of negative selection
(Supplementary Table 5).

As distinct treatment regimens have been associated with spe-
cific mutational footprints”, we computed mutational signatures
for our cohort. SNVs from our phylogenetic trees were classified into
treatment-naive SNVs, SNVs acquired during chemotherapy exposure
(CTx-SNVs) and SNVs acquired during RCTx exposure (RCTx-SNVs).
Treatment-naive SNVs, CTx-SNVs and RCTx-SNVs showed significant
differences in their six-channel mutation signatures (chi-squared
test P<0.001), with an increase in C > A mutations during CTx,

Fig. 2| Evolutionary dynamics of mutations during neoadjuvant treatment
inEAC. a-c, Violin plots showing the distribution of mutational burden during
neoadjuvant treatment for all patients (a), stratified by treatment response
(b) and stratified by clonality of mutation (c). Mutations of each sample were
classified as clonal or subclonal based on the copy number and cellularity
adjusted cancer cell fraction. Pvalues in a-c were calculated by the two-sided
Wilcoxontest.d, Selected phylogenetic trees with clade length indicating

the number of shared mutations between samples. Timepoint of samples are
annotated at the tip of the clades with the letters A-C. Numbers at the nodes
indicate bootstrap values. EAC drivers harboring SNVs (without brackets) or
indels (in squared brackets) and number of neoantigenic SNVs are annotated
ontheclades of the trees. HI, homoplasy index; NeoSNVs, neoantigenic SNV.

e, Proportion of SNV types in treatment-naive SNVs (left), SNVs occurring
under chemotherapy (middle) and SNVs occurring under RCTx (right) from
phylogenetic tree analyses. A, adenine; T, thymine; C, cytosine; G, guanine.
n=5,341CTx-induced SNVs, n =283 RCTx induced SNVs, n = 9,787 treatment-
naive SNVs. f, Proportion of COSMIC signatures in NRPs and REPs during
treatment (COSMIC signature calling was limited to those with a weight >5%
in the respective groups). Samples from NRP: n=10 at timepoint A,n =10 at
timepoint B, n =2 at timepoint C; samples from REP: n =19 at timepoint A,
n=14attimepoint B, n =15attimepoint C.g, Line graph showing changes in the
proportion of COSMIC signature 4 in responders during treatment. For multi-
region samples means were plotted for each timepoint.
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of clonal fragments: n = 281in REPs, n =180 in NRPs. Number of subclonal
fragments: n=315in NRPs, n =1,492 in REPs; number of subclonal/private
fragments n=460in NRPs, n =307 in REPs; number of private fragments n =202
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treatment are found in the top three rows. The following rows show information
ongenetic alterationsin EAC driver genes. Cellularity was defined as low (10~
30%), medium (31-60%) or high (61-100%). Regression grades were evaluated by
apathologist according to Becker regression classification.
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which is consistent with previously described platin-induced muta-
tion signatures'®"* (Fig. 2e). To further investigate this, we called
96-channel COSMIC signatures for all samples (Extended Data Fig. 2e).
Across subgroups from different treatment response and timepoints,
we detected eight prevalent COSMIC signatures (Fig. 2f), of which all
have been previously identified in EAC*'*?**', REPs showed a nonsig-
nificantincrease in S4 signature during treatment, which is dominated
by C > A changes and thus most likely oxaliplatin driven® (Fig. 2f,g).

Copy number evolution through treatment

EAC genomes typically have high CNA burden®?***; consistent with
this our cases had median 69.4% genome altered (PGA, range 1.1-100%)
(Fig. 3a). Copy number amplifications were seen frequently on chro-
mosomes1q, 3q, 5p, 7p, 89,19 and 20, while losses or loss of heterozy-
gosity (LOH) predominated on chromosomes 3p, 44, 5q, 9p and 17p,
consistent with previous work'*?** (Fig. 3a).

Treatment-naive tumors from REPs and NRPs displayed similar
proportions of amplifications, deletions, loss and LOH (Fig. 3b). Chem-
otherapy did not increase PGA, whereas RCTx, known to cause broad
single-or double-strand breaks, led to higher PGA (¢-test Pvalue = 0.03)
(Fig.3b). Segments that changed their copy number state during treat-
ment were significantly smaller than fragments that were clonally
altered (Fig. 3c). Furthermore, private CNAs were smallerin NRPs than
in REPs (t-test Pvalue < 0.001).

We examined whether CNA dynamics correlated with early treat-
ment response in EAC. REPs showed significant changes in CNA bur-
den with a mean of 63% (range 36-87%) of genome changing its copy
number status after the first cycle of chemotherapy, whereas copy
number states in NRPs were slightly more stable with a mean of 33%
(range 11-61%) of genome altering copy number state (Wilcoxon
rank-sumtest Pvalue 0.009; Fig.3d). We speculate that NRPs may have
genomesthat confer pre-existing resistance to the effect of neoadjuvant
chemotherapy, whereas REPs have profiles that confer chemotherapy
sensitivity, therefore the first dose of chemotherapy prompts further
alteration.

Genetic and transcriptomic dynamics in EAC drivers

We examined genetic alterationsin108 genes suggested to be drivers of
EAC evolution (Supplementary Table 6 and Extended Data Fig. 3)****and
weshow15commonEACdriver genesin Fig.3e.In19 out of 27 patients,
we observed that TP53LOH or loss co-occurred with TP53SNVs or indels,
presumably leading to a loss of TP53 function. CDKN2A showed copy
number loss or LOH in 21 out of 27 patients, which co-occurred with
SNVsorindelsin 5 patients (consistent with literature*?). We observed
amplifications containing MYC, KRAS, ERBB2, ERBB3, GNAS, TOP2A
and PI3KCA and deletion of SMAD4. Of note, CNAs indriver genes were
mostly present before treatment and persisted in their CNA category
(amplification, LOH and loss) during treatment, although the exact
copy number state could vary (Fig. 3e). Both REP and NRPs showed no
significant change in the burden of genomic alterations of driver genes
during treatment (Extended Data Fig. 4a-f). REPs showed a mean of
85.3 genetically altered putative driver genes at timepoint A, 92.4 at B
and 76.7 at timepoint C (Extended Data Fig. 4b). NRPs had a mean of

77.1genetically altered putative drivers at timepoint A, 65.4 at B and
94.0 at timepoint C; however, we did not detect any specific cancer
gene that was enriched for CNAs, SNVs or indels in REPs versus NRPs
(Fig. 3e and Extended Data Fig. 3). We note that work in colorectal can-
cer has shown that mutations that are drivers ‘on average’in a cohort
may not be a driver in an individual cancer', and the driver status of
CNAsisunclear,sowedonot claim that all these driver alterations are
necessarilyimportant for EAC evolution.

We next explored gene expression changes in high-frequency
drivers using our matched RNA-seq data. Significant expression
changes were observed for most driver genes: expression tended to
increase for GNAS, PIK3CA and SMAD4, decrease for ARIDIA, CDKN2A,
ERBB2, ERBB3, TOP2A, SMARCA4, KRAS and KMT2D and was stable
for TP53, MYC, APC and AXINI (Extended Data Fig. 4g). We found
little evidence that copy numbers drove expression, with correlations
between copy number state and RNA expression in only a few genes
(Extended Data Fig. 5a). Correlation analyses between SNVs in driver
genes and their expression were only possible for TP53 and CDKN2A,
as analyses for other drivers were underpowered. We observed
significantly higher CDKN2A expressionin CDKN2Amutated samplesand
significantly lower TP53expressionin TP53 mutated samples (Extended
DataFig. 5b).

Neoadjuvant treatment alters the EAC transcriptome

We assessed gene and pathway expression changes during neoadjuvant
treatment using RNA-seq in 26 samples from 10 NRPs and 54 samples
from 17 REPs.

Principal-component analysis (PCA) using hallmark pathways™
separated samples from timepoint A and B from timepoint C (Fig. 4a);
however, samples from REPs and NRPs were intermixed. Most patients
with multi-region sampling showed pre- and post-treatment samples
clustering on the opposite sides of PC1, with samples from timepoint B
foundinbetween (Extended DataFig. 5¢c), suggesting agradual change
of the transcriptome over time.

Hallmark pathways were grouped into ‘classes’ according to their
biological function (‘oncogenic’, ‘immune’, ‘stromal’ and ‘cellular
stress’)*®. PCA loading assessment showed that samples from timepoint
AandBwere enriched for oncogenic pathways, whereas samples from
timepoint C were enriched in immune and stromal pathways as well
asselected oncogenic pathways (KRAS, Hedgehog and WNT signaling;
Fig. 4b). We identified hallmark genes that were on average signifi-
cantly differentially expressed between pre/early-treatment samples
and samples at the end of neoadjuvant treatment, and performed
hierarchical clustering of all samples using these genes. Expectedly,
and consistent with PCA analysis, the dendrogram separated into two
groups (Fig. 4c): group 2, containing most samples from timepoint
A/B, was enriched for ‘oncogenic’ acting pathways, such as MYC, cell
cycleassociated pathways, DNA repair and MTORC signaling (Fig. 4c);
and group 1, including mostly samples from timepoint C, showed sig-
nificant enrichment of epithelial-mesenchymal transition (EMT) and
stemness-associated WNT signaling and promoters of stem cell-like
state such as TGF-Bsignaling and hypoxia. Moreover, immune pathways
suchas/L6and/L2signaling and inflammatory response and oncogenic

Fig. 4 |Neoadjuvant treatment leads to profound changesingene and
pathway expressioninEAC. a, PCA of single sample gene set enrichment
analysis of cancer hallmark gene sets. Background shading represents a visual
highlight. PC, principal component. b, Principal-component feature loadings
(magnitude and direction) from PCA in a. Vectors are colored according to
their biological classification of cancer hallmark gene sets. ¢, Hierarchical
clustering with heatmap showing the significantly differentially expressed
pathways between the two clusters (right cluster is predominantly samples
from timepoint A/B and left cluster is predominantly timepoint C). Sample IDs
and timepoints are annotated at the bottom of the heatmap. d, Enrichment
analyses in KEGG pathways in REPs between timepoint A and C. Samples from

REPs: n=19 attimepoint Aand n =19 at timepoint C. e, Enrichment analyses in
KEGG pathwaysin NRPs between timepoint A and C. Samples from NRPs:n =8 at
timepoint Aand n=10 at timepoint C. f, Enrichment analyses in KEGG pathways
during chemotherapy (all samples at timepoint B versus REPs at timepoint C).
Samples at timepoint B: n =24 and REPs at timepoint C: n=19. Dotted lines in
d-findicate significance level of P,; < 0.05 (false discovery rate (FDR)-adjusted
Pvalues). g, Plot shows immune cell composition based on CIBERSORT analysis
in REPs and NRPs during neoadjuvant treatment. Samples from NRPs: n =8 at
timepoint A, n =8 at timepoint B, n =10 at timepoint C; Samples from REPs: n =19
attimepoint A, n =16 at timepoint B, n =19 at timepoint C. sig., significant; diff.,
differentiation.
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Fig. 5|Increasing immune escape during neoadjuvant treatment correlates
with poor treatment response. a-d, Violins showing the neoantigenic
mutational burden during neoadjuvant treatment in all samples (a), stratified by
treatment response (b), expressed as a proportion of total SNVs (c) and stratified
by clonality (d). Clonal and subclonal neoantigenic mutational burden during
neoadjuvant treatment. Mutations of each sample were classified as clonal

or subclonal based on the copy number (CN) and cellularity-adjusted CCF.

e, Distribution of neoantigenic SNVs based on their copy number states.

The CN-normalized proportion of neoantigenic SNVsin each CN segment was
calculated. f, Expression of neoantigens during treatment. g,h, Neoantigen
expression in EAC according toimmune infiltration score for CD8" T cells (g)

and CD4" T cells (h). i, Presence of HLA-LOH, PD-L1 overexpression and B2M
mutations inindividual samples from NRPs (left) and REPs (right). Samples from
individual patients are separated by vertical black lines. PD-L1 overexpression

was defined as PD-L1 expression >2s.d. from the mean of all treatment-naive
samples.j, Proportion of early and late occurrence of genetic and nongenetic
immune escape in cohort of n = 27 patients. Geneticimmune escape refers to
mutations or LOH in HLA or B2M mutations, whereas PD-L1 overexpression
represents transcriptomic immune escape. P value calculated by the two-sided
chi-squared test (P=0.003).k, PD-L1 expression during neoadjuvant treatment.
1, Proportion ofimmune escaped samples and their escape mechanism stratified
by treatment response in NRPs (n =17 samples) and REPs (n = 47 samples) with
matching WES and RNA-seq data. m, Proportion of samples with HLA-LOH
stratified by treatment response in NRPs (n = 22 samples) and REPs (n =48
samples). Pvalues inj-m are calculated by the two-sided chi-squared test.
Pvaluesinall other panels are calculated by a two-sided Wilcoxon test, unless
stated otherwise. Amplif., amplification; I.E.,immune escape; overexpr.,
overexpression.

KRAS and PI3K-AKT-MTOR signaling were significantly enriched in the
post-treatment group (Fig. 4c).

Pathway enrichment between pre- and post-treatment samples
in REPs and NRPs showed significant upregulation of WNT, PI3K, RAS,
MAPK andJAK-STAT, indicating that both chemotherapy and RCTx lead
tomajor and similar transcriptomic changes in tumor cells (Fig. 4d,e).
Immune-related pathways were also significantly altered during treat-
ment in REPs (Fig. 4d,e). Further, there was significant upregulation
of immune activation pathways in post-treatment samples after CTx
(Fig. 4f and Extended Data Fig. 5d), whereas post-treatment samples
after RCTx showed no significant changes inimmune-related pathways.

We used immune deconvolution tools to delineate cellular com-
position changes from RNA-seq data. Using CIBERSORT*, we observed
agradualincreasein absolute numbers ofimmune cells during neoad-
juvanttreatmentin REPs and NRPs (Fig. 4g); however, this may be due
to lower tumor cellularity in post-treatment samples. Proportions of
individualimmune cell types stayed stable during treatment (Fig. 4g),
with CD4" and CD8" cells comprising 40-50% of all immune cells.
Other deconvolution tools (Consensus™* and Syllogist) confirmed
thegradualincreaseinimmuneinfiltrates during treatment (Extended
Data Fig. 6a,b) but there was variability in the estimated proportions
of immune cell types.

In summary, cancer-relevant gene expression programs signifi-
cantly changed during treatment, with enrichment of developmen-
tal programs such as EMT, stemness-associated WNT signaling and
promoters of stem cell-like state such as TGF-f signaling and hypoxia,
despiteinfrequent clonal replacement. Our data therefore suggest that
cancer cells alter their phenotype without clonal replacement and that
phenotypic plasticity might underly these observations.

Immune escape correlates with treatment response
Neoantigens were called from WES data on 22 samples from 10 NRPs and
48 samples from 17 REPs. We did not observe any significant changes

in the neoantigenic mutation burden during neoadjuvant treatment
(Fig. 5a,b and Extended Data Fig. 6¢). Next we examined whether neo-
antigens were subject to selection (immune editing). We observed no
changein proportions betweenimmunogenic and total mutations dur-
ing neoadjuvant treatment (Fig. 5¢), indicating no enhanced negative
selection of neoantigenic mutations during treatment. Subclonal neo-
antigenic mutational burden was not significantly different between
pre- and post-treatment samples (Fig. 5d and Extended Data Fig. 6d)
and most patients had comparable proportions of neoantigenic SNVs
on the clades of their phylogenetic tree (Fig. 2d), indicating that neo-
antigenic subclones are not removed during treatment.

Next, we explored the relationship between CNAs and neoanti-
gens. We hypothesized that gains of alleles carrying antigenic muta-
tions were likely to experience negative selection, and so expected
that gained alleles would be relatively depleted for neoantigens. To
test this, we calculated the copy number-normalized proportion of
neoantigensin each CNA segment. Diploid regions showed aratio of -1,
whereas gains (balanced and unbalanced) were significantly depleted
for neoantigens and regions of copy number loss were weakly enriched
for neoantigens (Fig. Se).

We hypothesized that transcriptional downregulation of neo-
antigens during treatment might also underlie immune evasion and
potentially mediate treatment response. Counter to our hypothesis, we
detected asignificantincrease in neoantigen expression during treat-
ment (Fig. 5f). High neoantigen expression correlated with high CD8*
and CD4" cell infiltration (Fig. 5g,h), suggesting that tumor cells with
ahighneoantigen expression wereindeed recognized as ‘nonself” and
attracted immune cells. This canbe explained if tumors subsequently
develop stronger immune escape mechanisms during treatment or
that theimmune infiltrate becomes nonfunctional during treatment.

To test this, we first looked for tumor-cell-mediated immune
escape mechanisms® (LOH or mutations in HLA, B2M mutations or
programmed death-ligand 1 (PD-L1) and pathways or immune cells

Fig. 6 | Highly multiplexed imaging mass cytometry analysis reveals
different T cell phenotype dynamics in NRPs and REPs during treatment.

a, Representative image IMC staining of EAC tissue. Scale bar,100 pm. p53
(yellow), CD4 (red), CD8a (green) and DNA (blue) from IMC data channels are
displayed. Representative IMC images were taken from a minimum of 15ROls
across different samples. b, Representative IMC images of each marker together
with DNA (blue). Representative IMC images for each marker were taken froma
minimum of 15ROIs across different samples. ¢, -SNE visualization of the EAC
tumor, stromal and immune map based on 28 identified cell clusters.

d, Heatmap visualization of marker expression in the 28 cell clusters. Normalized
median marker expression is shown. TCs, tumor cells; SMCs, smooth muscle
cells; ICs,immune cells; act, activated; d.p., in direct proximity to each other;
GzmB, Granzyme B. e, Cell cluster dynamics during treatment are shown for
NRPs and REPs. Box plots show the median, two hinges representing the first
and third quartiles and two whiskers showing the minimum and maximum.

ROIs from NRPs (n = 8 at timepoint A, n =10 at timepoint B, n = 6 at timepoint
C).ROIs from REPs (n =12 at timepoint A, n =13 at timepoint B, n =16 at

timepoint C). Pvalues were calculated by a two-sided analysis of variance test.
Exact Pvalues: P(C1,NRP) = 0.0007, P(C2,NRP) < 0.0001; P(C4,NRP) = 0.0008;
P(C5,NRP) < 0.0001; P(C6, NRP) = 0.0003; P(C23,NRP) < 0.0001; P(C26,NRP) =
0.02; P(C1,REP) = 0.02; P(C4, REP) < 0.0001; P(C5,REP) = 0.03; P(C6,REP) = 0.002;
P(C12,REP) = 0.0005; P(C16, REP) = 0.007; P(C17,REP) = 0.04; P(C7,NRP) = 0.035;
P(C14,NRP) = 0.03; P(C19, NRP) = 0.005; P(C19,REP) = 0.003. Unreported
Pvalues did not reach the significance level. f, t-SNE visualization of CD45" cell
map based on 24 identified cell clusters. g, Heatmap visualization of marker
expressionin the 24 CD45" cell clusters. Normalized median marker expression

is shown. h, Absolute CD4" and CDS8 cell counts per mm? during treatment.

i, T cell phenotypes in patients with EAC during treatment were analyzed for
markers of T cell activation and exhaustion. Fractions of CD8" cells (top row) and
CD4" cells (bottom row) were compared among patient groups and visualized by
violin plots. j, Ratio of activated and exhausted CD8" cells (top row) and CD4" cells
(bottom row) is shown during treatment for REPs and NRPs. Pvaluesin all other
panels are calculated by the two-sided Wilcoxon test, unless stated otherwise.
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associated withimmune suppression). Geneticimmune escape mecha-
nisms such as HLA-LOH or B2ZM mutations were detected significantly
more often before treatment (early), whereas transcriptomic PD-L1
overexpression occurred mostly during and after neoadjuvant treat-
ment (late) (Fig. 5i-k). Increased expression of PD-L1 may represent
amechanism of rapid adaptation that is positively selected during
treatment. Moreover, RNA-seq deconvolution revealed a significant
increase in immune-suppressive M2-macrophages during treatment
inNRPsand anincrease in signaling pathways associated withimmune
suppression such as TGF-g, 112-STATS5 and 116-Jak-STAT3 signaling in
both REPs and NRPs (Extended Data Fig. 6e-j).

We examined the correlation betweenimmune escape and treat-
ment response. Samples from NRPs were more oftenimmune escaped
than REPs, suggestive of arole for theimmune systemin potentiating
the chemotherapy treatment response (Fig. 51). The main immune
escape mechanism in NRPs was HLA-LOH, occurring in 46% of NRPs
and only in13% of REPs (Fig. 5m). Our data suggest thatimmune escape
hasanimportantroleintreatmentresistance, highlighting thatimmu-
notherapy could help to circumvent resistance to standard treatment.

A distinct tumor microenvironment defines

treatment response

We assessed the cellular organization of the immune microenvironment
using multiplex IMC on 24 ROIs from 16 NRP samples and 42 ROls from
27 REP samples. We quantified expression of 19 markers, representing
canonical lymphoid and myeloid immune populations, together with
tumor cell markers (Fig. 6a,b and Extended Data Fig. 6k).

First, we explored cellular phenotypesin EAC during neoadjuvant
treatment. Taking a mean of 1.5 representative ROIs (range 1-3) from
eachtimepoint we extracted single cell phenotype data for 533,734 cells
and clustered cells using the phenograph algorithm®, which identi-
fied 28 distinct cell populations (Fig. 6¢). Based on molecular expres-
sion signatures, we identified phenotypically distinct populations of
tumor cells (C1-2, C4-6, C12, C15-C18, C20, C23 and C26), immune cells
(C3,C7,C9, (11, C14, C19, C22, C24 and C27-28) and other cell types
(C8, C10, C13, C21 and C25; Fig. 6d). CD8' T cells were common in C14
and C19, and CD4" T cells in C7, C9, C11 and C14, and macrophages in
C3and C24 (Fig. 6d).

Dynamicsin NRPs during treatment were dominated by adecrease
in certain tumor cell populations (C1-2 and C4-6), decreases in the
CD4" cell population (C7), and the activated CD4 and CD8 cell cluster
(C14) and anincrease in one CD8" cell population (C19) (Fig. 6e). REPs
also showed decreasing abundances of tumor cell populations (C1,
C4-Cé6,C12,C16 and C17) and increases in the same population of CD8*
cells (C19) (Fig. 6e). To further explore qualitative differences of the
immune cell compartment we selected all leukocytes (CD45" cells)
and reclustered using only immune cell markers. This identified 24
distinctleukocyte subpopulations (Fig. 6f,g). We observed significant
associations between T cell clusters and treatment timepoints for IC7,
IC18, IC4, IC15 and IC3 (Extended Data Fig. 61,m). NRPs showed a sig-
nificant decrease inamixed CD4/CDS8 cluster (IC3) (Dunn-test P = 0.01)
andintwo exhausted CD8 clusters (IC7 and IC18) (Dunn-test P = 0.001
and P=0.01, respectively). Both REPs and NRPs showed decreasing
numbers of myeloid cells during treatment (Extended Data Fig. 6n).

Given their relevance toimmunotherapy, we explored the dynam-
icsof the CD8"and CD4" cellsin more detail. NRPs showed stable CD8*
counts during treatment and a significant decrease in gated CD4"
cell counts, whereas their abundances stayed stable in REPs (Fig. 6h).
We observed astrong decreasein CD4*and CD8" cell fractions express-
ing CD45R0O in NRPs, indicating aloss of non-naive T cells during RCTx
(Fig. 6i), whereas in REPs these were stable (Fig. 6i). NRPs showed a
significant drop in CD8" cells expressing Granzyme B and in CD4"
cellsexpressing Granzyme B or HLA-DR (Fig. 6i), indicating adecrease
in the effector T cell phenotype in NRPs. In contrast REPs showed a
decreasein Granzyme B and HLA-DR expressionin CD4" cells, whereas

CD8" cellsstayed intheir activated phenotype state during treatment
(Fig. 6i). Exhausted CD8" cells and CD4" cells (expressing PD-1 or
TIM-3) significantly decreased during RCTx in NRPs (Fig. 6i and
Extended Data Fig. 7a,b). We calculated the ratio of CD4 and CD8
cells expressing Granzyme B* (activated) vs those expressing PD-1
(exhausted) and found this was higher in REPs than NRPs at all time-
points (Fig. 6j), indicating a more cytotoxic T cell phenotype in REPs.

To assess the role of tumor heterogeneity, we examined an
additional 47 multi-region ROIs from larger resection specimens
(timepoint C). REPs and NRPs showed similar inter-region hetero-
geneity in CD4 and CD8 cell counts (Extended Data Fig. 7c); however,
inREPs therange of CD4" and CD8" subsets found across multi-region
ROIs was heterogeneous and broad, whereas in NRPs there was homog-
enous enrichment for nonactive subsets (Extended Data Fig. 7d-g).
We observed that the treatment switch from CTx to RCTx led toamore
exhausted T cell phenotype post-treatment, compared to the continu-
ation of CTx alone (Extended DataFig. 7h,i). We repeated TME analysis
excluding post-treatment samples from the small number of patients
with complete tumor remission (n = 3), and our findings were consist-
entwith the full-cohortanalysis, indicating that the detected changes
are an antitumor response rather than tissue regeneration (Extended
DataFig. 8). Moreover, correlation withimmune escape data, showed
that samples withimpaired neoantigen presentation due to HLA-LOH
had aless-cytotoxic CD8" and CD4" cell phenotype than nonescaped
samples (Extended Data Fig. 7j,k).

Dynamics of the T cell repertoire

The TCR repertoire, measurable by TCR sequencing, provides a way
to assess the adaptive T cellimmune response and was examined in
54 samples from nine patients through their treatment time course,
including in cases with complete remission.

We observed an average of 296 total a TCR counts and 668 total
B TCR counts in treatment-naive NRPs and an average of 229 total «
TCR counts and 380 total  TCR counts in treatment-naive REPs, with
aslight (nonsignificant) increase in total TCRs at the end of neoadju-
vant treatment (Fig. 7a). The number of detected TCRs moderately
correlated with the absolute T cell score from CIBERSORT (R,=0.5,
Ry = 0.47) (Fig. 7b).

We did not observe any differences in the overall shape of TCR
clone size distribution during treatment exposure (Fig. 7c). We then
focused on TCR clones that had significantly expanded between two
timepoints, and observed early (starting between timepoint A and B)
and persisting TCR expansionsin REPs with good pathological regres-
sion (REP11and REP23), while NRP10 and REP5 with poor response to
CTxshowed late (starting between timepoint Band C) and intermittent
expansions (Fig. 7d and Extended Data Fig. 71). We considered differ-
ent thresholds of expansions, which were reactive to treatment and
persisting through treatment (those expanding between timepoint
Aand C) in patients with data from all three timepoints, and the trend
was consistent (Fig. 7e).

Next, we tracked T cell clone expansions during treatment in
patients with different treatment response. REPs with poor pathologi-
cal treatment response (Becker grade 3), showed significantly lower
numbers of TCRs that expanded at least fourfold or at least eightfold
between two timepoints during treatment than REPs and NRPs with
excellent regression (Fig. 7f).

Discussion

This work describes our integrative genetic, transcriptomic and
immune microenvironment analysis of longitudinal EAC samples
taken before, during and after neoadjuvant treatment. Notably, we
did not observe clonal replacement during neoadjuvant treatment;
however, these results are in line with previous findings inamulti-region
WES study of pre- and post-treatment EAC samples, which similarly
reported clonal persistence with rarely new occurring putative drivers
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Fig. 7| T cells show clonal expansion in patients with neoadjuvant treatment
response. a, Numbers of total TCRs a-chain (left) and B-chain (right) in REPs

and NRPs during treatment. Pvalues are calculated by a two-sided Wilcoxon

test. b, Correlation between TCR counts a-chain (left) and B-chain (right) and
quantitative deconvolution of T cells from RNA-seq data via CIBERSORT.
Two-tailed Pearson’s correlation coefficients are reported in the plots.

¢, Abundance distribution profile of TCRs at timepoints A-C. The y axis shows the
proportion of the TCRs that are found at the abundance indicated by

the x axis. d, Fishplots show the number of fourfold-expanded TCRs between any
two timepoints REP11 (top) and REP23 (bottom). The colors correspond to the
combination of timepoints that the TCR expansion occur in. e, The proportions
of T cell clones that are expanded >fourfold and >eightfold between timepoint A
and C.f, Numbers of TCRs expanded >fourfold and >eightfold during treatment
periods (A-B, A-C and B-C), stratified by pathological regression grades.
Pvalues are calculated by a two-sided Mann-Whitney U-test.
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post-treatment". We note that another study by Findlay et al. did
report loss of mutations (and clones) through treatment’, but this
could be explained by low cellularity in some of Findlay et al.s post-
treatment samples.

Recent evidence implicates a key role of nonmutational resist-
ance mechanisms (where cells can plastically switch phenotype with-
out underlying genetic change) in drug resistance'">***', Here, we
observed marked changes intranscriptional programs without clonal
replacement during neoadjuvant treatment, which may be evidence
of tumor cell plasticity. Although we emphasize that many mutations
were gained and lost through the time course, our analyses cannot rule
outthatsuch phenotypic changeisaconsequence of genetic changes
with underlying polyclonal evolution.Joint analysis of phenotype and
genotype datashowed major transcriptome and TME changes during
treatment, whereas clonal changes were more minor, suggesting an
actual change in the tumor’s phenotype and TME during treatment
rather than a consequence of sampling a heterogeneous tumor.

The enrichment of EMT gene expression programs in our
post-treatment samples is consistent with previously reported plas-
ticity of these programmes'***, Further, EMT is known to be con-
trolled by multiple signaling pathways, such as TGF-8, WNT, Notch and
Ras-MAPK pathways*>**** which all showed asignificantincrease dur-
ing treatment in EAC. The apparent readiness of EAC cells to undergo
EMT in response to CTx and RTx via interleukin-6 upregulation, has
also been shown in vitro* and is associated with poor prognosis’. We
speculate that inhibition of the pathways that promote EMT, with the
goal of maintaining cancer cells in astate susceptible to chemotherapy,
couldrepresent an avenue for future treatment strategies.

A high neoantigen burden is associated with good progno-
sis in patients with a variety of cancers***® and with successful
immune-checkpoint therapy*’~ Indeed, recently approved com-
bined immuno-chemotherapy based on results from CheckMate 649
(ref.53), Keynote-180 (ref. 5), Keynote-590 (ref. 6) and the CheckMate
577 trial” showed a benefit for EAC in the metastatic and adjuvant
setting. Keynote-585 investigated combined immunochemotherapy
in the perioperative setting and showed higher rates of pathological
complete response, but no improvement in the overall survival after
treatment with combined immunochemotherapy compared to chemo-
therapy alone®. As the majority of patients with EAC do not respond
adequately to immunotherapy, a better molecular characterization
to predict response to CTx, RCTx and immunotherapy is essential.

We observed immune escape viagenetic mechanisms and shifts to
animmunosuppressive TME in NRPs. Further, cellular analysis showed
remodeling of the T cell compartment during treatment, with expan-
sion of T cell clones and amore activated T cell phenotype in patients
with good treatment response. A previous study reported an associa-
tionbetweenactively proliferating CD8" T cells and complete remission
in EAC treated with neoadjuvant RCTx**, and a further study found
EACs with high lymphocyte and myeloid gene expression signatures
before treatment had better OS°. Our dataimplicate arole for HLA-LOH
inimmune escape in NRPs. While HLA-LOH is associated with poor
prognosis inavariety of cancer types®*°, patients with disrupted tumor
HLA-Ipresentation canstill have durable responses toimmunotherapy,
especially when combined with a high tumor mutational burden®%,
We note that our analysis of immune escape was not exhaustive; for
example, alterations to the local metabolicenvironment and immune
editing through epigenetic changes were not assessed.

We found that T cells remaininanactive state during CTx, whereas
RCTx causes aloss of cytotoxic T cell activity. Recently published work
reported the predictive value of baseline CD8'PD-1" T cell infiltrations
and the increase of CD8" cells after exposure to ICB for treatment
response to neoadjuvantimmunochemotherapy in EAC'. Collectively,
these data offer an explanation for the results of the PERFECT trial,
which showed that the combination of atezolizumab (PD-L1inhibition)
and neoadjuvant RCTx is only beneficial for patients with an already

inflamed microenvironment and that RCTx is not able to adequately
reshape the immune landscape®.

We note that PET-negative primary tumors were excluded from our
study and represented 13% of the original screening MEMORI cohort.
As primary tumors with different PET signal intensities did not show
marked differences in their global transcriptomes, we suggest that
our findings might be independent of the metabolic activity of the
primary tumor, but future studies including PET-negative tumors will
berequired for validation.

In conclusion, our longitudinal multiomic study shows limited
evidence of clonal replacement during neoadjuvant treatment in EAC
but potent modulation of the immune cell compartment. These data
motivate exploration of combination immunochemotherapy treat-
ments in the neoadjuvant setting for EAC.

Methods

Prospective sample collection within clinical MEMORI trial
EAC specimens were obtained from the prospective clinical MEMORI
trial (EudraCT 2014-000860-16)". The performed translational
research complies with the protocol of the MEMORI study, which was
approved by the local ethics committee at Technical University Munich.
All patients gave writteninformed consent for collection and molecular
analysis of their sample material and the inclusion of the information
listed in the manuscript within the MEMORI trial protocol. The study
protocolis available on request.

Patients withlocally advanced EAC and intense FDG tracer uptake
of the tumor atbaseline FDG-PET-CT (["®F]-FDG uptake in the tumor at
baseline >1.35 x liver standardized uptake value (SUV) + 2 x s.d. of the
liver SUV) and thus suitable for monitoring and early response predic-
tion by FDG-PET were eligible for MEMORI trial. From 160 screened
patients, 85 patients (53%) were excluded due to previously undetect-
able metastases (n =39,24%), no or too low FDG uptake of the primary
tumor (n=21,13%) or other reasons (n=25,16%). All patients in the
MEMORI trial received one cycle of platinum-based chemotherapy.
Atotal of 23 patients received FOLFOX (oxaliplatin-5-FU) and 5 patients
received EOX (epirubicin, oxaliplatin and capecitabine) for their first
cycle of neoadjuvant chemotherapy. Metabolic tumor response was
assessed witharepeated PET-CT at day 14-21. Respondersin PET-CT
scan (REPs) were defined as >35% decrease in maximal SUV (SUV,,,,)
from baseline and were continued on three more cycles of FOLFOX (d14)
or four more cycles of EOX if EOX was given at the first cycle. Patients
with poor response (<35% decrease in SUV,,,, from baseline) were
classified as NRPs and were switched to intensified RCTx (41.4 Gy/23
fractions with weekly carboplatin/paclitaxel) according to the CROSS
protocol®. Following completion of neoadjuvant treatment, restaging
was performed. Inthe absence of progression to metastatic/unresect-
able disease, patients underwent surgical resection. Histopathological
regression grade was assessed in the resection specimens after comple-
tion of neoadjuvant treatment. In this study sample, major histological
response (Becker grade I) was achieved in 35% of REPs and 70% of NRPs
(Extended DataFig. 1b). Ten NRPs and 17 REPs were enrolled for longitu-
dinal molecular analyses. Most patients provided three cancer samples
with one pretreatment biopsy (timepoint A), one biopsy collected
after the first cycle of chemotherapy (timepoint B) and the surgical
specimen sample after completion of neoadjuvant treatment (either
CTx or RCTx) (timepoint C) (Fig. 1b,c). No statistical methods were
used to predetermine sample sizes but our sample sizes are similar to
those reported in previous publications'®™'®, Two patients (REP10 and
REP11) had multi-timepoint and multi-region samples (=6 samples per
patient). Further clinical and histopathological informationis provided
inSupplementary Table 1.

Tumor tissue was fixed and stabilized with the PAXgene fixa-
tion method (PAXgeneTissue FIX Container (QIAGEN)). For eight
samples formalin-fixed tissue was used (Supplementary Table 7).
Post-treatment resection specimens showing Becker remissiongrade
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1a (complete response) were excluded from genetic analyses, but
included forimmune analyses (RNA-seqand IMC). For post-treatment
samples with remission grade 1b, 2 or 3, the remaining tumor cells
were microdissected before DNA extraction, and included if genetic
analysis showed EAC-like CNAs or SNVs. Blood for germline control
was collected in PAXgene Blood DNA Tubes (QIAGEN). Data collec-
tion and analysis were not performed blind to the clinical subgroups
of the experiments. Our longitudinal molecular analysis is based on
samples fromthe MEMORI trial; however, the clinical trial’s predefined
primary and secondary outcomes are not subject to our molecular
work. Wereportinformation on patients’sexin Fig.1and Supplemen-
tary Table 1. Sex and gender were not considered in the study design.
Information on gender was not collected and is therefore not reported.
Consent has been obtained for sharing individual-level data. Post
hoc sex- and gender-based analysis were not performed as the study
design is insufficient for sex- and gender-based analysis due to the
small sample size.

Section preparation

PAXgene-fixed paraffin-embedded (PFPE) or formalin-fixed paraffin-
embedded (FFPE) tissue were sectioned as follows; one section at 4 pm
for hematoxylinand eosin (H&E) stain, eight sections at 10 pm onto PEN
Membrane Glass Slides (Thermo Fisher) for subsequent isolation of
DNA and RNA, four sections at 4 pm for IMC analysis and a final 4-um
section for asecond H&E. Both H&Es were reviewed by aboard-certified
pathologist to assure high tissue quality and tumor cellularity. If tumor
cellularity was estimated <50%, tumor areas were annotated for tumor
cellenrichment. Sections for DNA extraction were stored at —20 °Cand
sections for RNA extractions at —80 °C, if not processed immediately.

DNA and RNA isolation. To increase cellularity, samples with <50%
tumor cells were stained with methyl green and tumor cells enriched
vialaser capture microdissection usinga PALM MicroBeam (Carl Zeiss
Microscopy). DNAwas extracted using the PAXgeneTissue DNAkit (QIA-
GEN) for PFPE tissue and the High Pure FFPET DNA Isolation kit (Roche
Molecular Systems) for FFPE tissue according to the manufacturer’s
instructions. DNA from blood was extracted with the QIAamp DNA
Blood Mini kit (QIAGEN). The integrity of DNA molecules was assessed
viaD5000 Tapestation Assay (Life Technologies). Samples with a total
DNAvyield higher than10 ngand DNA peak detection at>1,000 bp were
taken forward for WES library preparation.

RNA extractions from PFPE sections were performed using the
PAXgeneTissue RNA kit from QIAGEN according to the manufacturer’s
protocol. For FFPE sections, RNA was extracted using the High Pure
FFPET RNA Isolation kit (Roche Molecular Systems). RNA quantity
was measured using the Qubit fluorometer RNA High Sensitivity assay
(Life Technologies). Quality control was performed using the High Sensi-
tivity RNA TapeStation system (Agilent). RNA quality was assessed using
theDV200 value.RNA sampleswithaDV200 > 50% were eligible for further
analysis.

Preparation of whole-exome sequencing libraries. Libraries were
prepared using the SureSelectXT Low Input Target Enrichment System
with Dual Indexing (Agilent Technologies) according to manufacturer’s
instructions. A short mechanical fragmentation step using a Covaris
S2 Sonicator to generate 150-200-bp long fragments was performed
and 8-14 PCR cycles were used for library enrichment depending on the
DNA input. After purification, libraries were quantified by Qubit and
runonthe Agilent Tapestation using the HSD1000 assay. Samples with
sufficient library DNAyield and characteristic fragment size distribu-
tion (~200-500 bp) were further subjected to deep (-300x depth) WES.

Preparation of RNA-seq libraries. Libraries were prepared using the
QuantSeq 3’ mRNASeq Library Prep kit FWD (Lexogen), according to
the manufacturer’s protocol with minor modifications. Toincrease the

total RNA library yields, the pre-PCR incubation time was increased
to 1 h. After purification, libraries were quantified by Qubit and run
on the Agilent Tapestation using the D1000 assay. Samples with suf-
ficientlibrary cDNAyield and characteristic fragment size distribution
(-170-700 bp) were further subjected to RNA-seq.

WES and RNA sequencing. Sequencing libraries were multiplexed
and sequenced on an lllumina Novaseq, typically using S2 flow cells.
Readlength and depth were varied as required by library composition.
Target depth for WES was 250x and >2 million reads per sample for
RNA-seq.Sequencing was performed by the Genome Centre at Queen
Mary University London.

IMC staining. IMC staining was performed on 54 PAXgene-fixed samples
and 12 FFPE samples (Supplementary Table 7). Incubation, rehydration
and epitope retrieval was performed on 4-pm-thick tissue sections as
described in previous work®. The sections were then stained with amix of
metal-labeled primary antibodies (Supplementary Table 4) dilutedin TBS
with 0.5%BSA andincubated at4 °C overnight. Antibody binding condi-
tions were determined in previous work®¢*, Sections were then rinsed,
stained withIridium Cell-ID and air-dried as previously described®. Slides
were stored at room temperature untilimage acquisition.

IMC image acquisition. A 1-2-mm?image per sample was acquired
using a Hyperion Imaging System (Fluidigm). Tuning of the instrument
was performed according to the manufacturer’s instructions. ROIs
were determined based on a pathologist’s annotations on consecutive
H&E-stained section of each sample. A total of 66 ROIs were scanned as
the exploratory set and 47 ROIs were scanned during the revision pro-
cess for validation purposes and tumor heterogeneity analyses (Sup-
plementary Table 7). Tissue sections were laser-ablated spot-by-spot
at 200 Hz, resulting ina pixel 2 size/resolution of 1 mm. Preprocessing
of the raw data was conducted using the CyTOF software v.7.0. Image
acquisition control was performed using MCD Viewer v.1.0.560.6. For
larger samples multiple ROIs were obtained.

TCR sequencing. Full details for both the experimental TCR-seq
library preparation and the subsequent computational analysis (V, ]
and CDR3 annotation) using Decombinator are published in our previ-
ous work®*°,

Bioinformatics summary methods

Detailed computational methods are described at https://doi.org/
10.17504/protocols.io.j8nlk9xpwvSr/vl (ref. 67). We note that bioin-
formatics scripts to reproduce our workflow are provided at https://
github.com/meli3349/MEMORI_multiomics_data_analyses/tree/
analysis, whichincludes descriptions of all software parameters used.

WES computational methods. Raw sequence data were quality-
controlled and aligned following the GATK best practice pipeline®®7°.
CNAswere called with Sequenza”, SNVs with Mutect’? and clonal infer-
ence performed withMOBSTER?*. Mutations were annotated by ANNO-
VAR and driversidentified from the IntOGen database**. Phylogenetic
trees were constructed with Phangorm’. Mutational signatures were
computed with deconstructSigs”. HLA typing was performed with
Optitype’ and neoantigens identified with NeoPredPipe”’.

RNA-seq computational methods. Basic RNA processing was per-
formed with the STAR pipeline’®, and differential expression analysis
with DESeq2 (ref. 79). Immune deconvolution analysis was performed
with CIBERSORT?,

Image mass cytometry computational methods. Basic processing
was performed with the pipeline provided by the Bodenmiller group
athttps://github.com/BodenmillerGroup/ImcSegmentationPipeline.
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Downstream analysis was performed with the OMIQ commercial
software.

Statistics and reproducibility

No statistical method was used to predetermine sample size. Data dis-
tribution was assumed to be normal but this was not formally tested.
The experiments were not randomized. The investigators were not
blinded to allocation during experiments and outcome assessment.
Of screened MEMORI patients, 13% (n = 21) were excluded due to no/
low FDG uptake in the primary tumor”. RNA-seq data for samples
that contained <1.5 x 10° reads were excluded for further downstream
analysis. Samples that did not show EAC-like CNAs or EAC-specific SNVs
were excluded from genetic analyses.

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

Data availability

Gene expression data, somatic mutation calls (MuTect2 and Annovar),
copy number calls (Sequenza), neoantigen calls (Nepred pipeline) and
called TCRs are available on Mendeley at https://doi.org/10.17632/
brsxvy4746.1 (ref. 80). MCD files and cell segmentation files (IMC
analyses) have been deposited at Zenodo at https://doi.org/10.5281/
zenodo.12800339 (ref. 81). Sequencing data have been deposited at
the European Genome-phenome Archive (EGA), under accession
numbers (EGAS50000000240 and EGAS50000000242). Access to
these bam files is controlled and subject to application via the EGA
platform. The accession of bam files is limited to research purposes
andregulated with a data use agreement. The timeframe for response
to requests is expected within 10 working days. Further information
aboutthe EGA canbe found at https://ega-archive.org. Source dataare
provided with this paper.

Code availability

Complete scripts to replicate all bioinformatic analysis are available
at https://github.com/meli3349/MEMORI_multiomics_data_analyses/
tree/analysis.
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Extended Data Fig. 1| Clinical data. (a) Principle component analysis of single
sample gene set enrichment analysis of cancer hallmark gene sets with color
coding of FDG uptake at screening PET-CT. Q1-Q4: lowest to highest quantile of
FDG uptake. (b) Proportion of patients with respective Becker regression grades
inNRPs (n =10) and REPs (n =17) in the cohort for molecular genetic analyses.

(c¢) Overall survival of NRPs (n = 22) and REPs (n = 45) in the clinical MEMORI
cohort. (d) Overall survival of patients with different histopathologic regression
grades according to Becker in the clinical MEMORI cohort. (Becker®l: n = 26;
Becker®ll: n =24; Becker®ll:n =17).
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Extended Data Fig. 2| Genetic dynamics in EAC. (a) Tumor cellularity of
samples from different timepoints. Tumor cellularity was estimated from
whole-exome sequencing data using Sequenza. (b) Violin plots showing the
distribution of mutational burden stratified by treatment type (c). Mutations

of each sample were classified as clonal or subclonal based on the copy number
and cellularity adjusted cancer cell fraction. P values in panels A-C are calculated
by the two-sided Wilcoxon test. (d) Selected phylogenetic trees with clade
lengthindicating the number of shared mutations between samples from the

Samples

same patient. Timepoint of samples are annotated at the tip of the clades with
theletters A-C. Numbers at the nodes indicate bootstrap values. EAC drivers
harboring mutations (without brackets) or indels (in squared brackets) and
number of neoantigenic SNVs are annotated on the clades of the trees. REP:
Responder, NRP: NonResponder, HI: homoplasy index, NeoSNVs: Neoantigenic
single-nuceleotide variant. (e) Plot shows COSMIC signature weights of
individual samples from NRP (left) and REP (right).
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Extended Data Fig. 3 | See next page for caption.
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Extended Data Fig. 3| Genetic alterations in 108 EACdriver genesin
NonResponder and Responder. Plot shows genetic alterations, including
copy number alterations, SNVs and indels for 108 putative cancer driver genes
identified by IntOGen®© in NonResponder patients (a) and Responder patients
(b). Each vertical column represents asample. Samples from the same patients
are grouped together and patient ID is annotated at the top. Information on
timepoint, cancer cellularity and the patient’s pathological regression grade

treatment are found in the top three rows. The following rows show information
ongenetic alterations in EAC driver genes. Cellularity was defined as low (10-
40%), medium (41-60%), or high (61-100%). Regression grades were evaluated
by a pathologist according to Becker regression classification. CNS: copy number
state, CNt: copy numbers, SNV: single-nucleotide variant. REP: Responder, NRP:
NonResponder.
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Extended Data Fig. 4 | See next page for caption.
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Extended DataFig. 4 | Genetic dynamics and expression of EAC driver genes Number of driver genes with SNVs or indels (e) in the overall cohort, (f) in NRPs
during treatment. Number of altered (CNA, SNV or indel) genes from 108 EAC (left) and REPs (right). (g) Violin plots show expression of 16 high-frequency EAC
driversin (a) the overall cohort, (b) NRPs (left) and REPs (right). Number of driver ~ driver genes during neoadjuvant treatment. P valuesin all panels are calculated
genes with CNAs (c) in the overall cohort, (d) in NRPs (left) and REPs (right). by the two-sided Wilcoxon test. cpm: counts per million.
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Extended Data Fig. 5| See next page for caption.
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Extended Data Fig. 5| Correlations between copy number state/ mutational
status and gene expression in high-frequency EAC driver genes. (a) Plot shows
correlations between copy number states and tumor cellularity adjusted

RNA expression in 15 high-frequency EAC driver genes. RNA expression was
adjusted for tumor cellularity estimated by Gl pathologist. Correlations were
calculated using two-tailed Pearson correlation. CNS: copy number state.

(b) Violin plots showing cellularity adjusted RNA expressions of CDKN2A/ TP53

in CDKN2A/ TP53 mutated and non-mutated samples. P values are calculated by
the two-sided Wilcoxon test. (c) Principle component analysis of single sample
gene set enrichment analysis of cancer hallmark gene sets. Patients with multi-
region samples are highlighted with different colors. PC: Principle component
(d) Enrichment analyses in KEGG pathways during chemotherapy (all samples at
Timepoint A (n =27) versus REPs at Timepoint C (n =19)). Dotted line indicates
significance level of p,; < 0.05 (FDR-adjusted P values).
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Extended Data Fig. 6 | See next page for caption.
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Extended Data Fig. 6 | Immune cell dynamics in EAC during treatment.

(a) Plots show normalized odds ratios for different immune cell types
deconvoluted from RNA expression data using Syllogist. (b) Plot shows immune
cell scores for differentimmune cell types deconvoluted from RNA expression
data using Consensus™¢. Samples from NRP: n = 8 at timepoint A, n = 8 at
timepoint B, n =10 at timepoint C; Samples from REP: n =19 at timepoint A,
n=16attimepoint B, n =19 at timepoint C. Violins showing the (c) neoantigenic
mutational burden stratified by treatment regime and (d) the subclonal
neoantigenic SNVsin NRPs (left) and REPs (right). (e) Plot shows immune cell
proportion based on CIBERSORT analysis in REP and NRP during neoadjuvant
treatment. Samples from NRP: n = 8 at timepoint A, n = 8 at timepoint B,n=10 at
timepoint C; Samples from REP: n =19 at timepoint A, n =16 at timepointB,n=19
at timepoint C. (f) Plots show CIBERSORT scores for M2-macrophages (p-Val at

Timepoint C = 0.0001) and (g) regulatory T cells during treatment deconvoluted
from RNA expression. (h-j) Enrichment scores for Hallmark of cancer pathways
related toimmune suppression in NRPs (left) and REPs (right) during treatment.
(k) Exemplary visualization of indicated marker expression and DNA (blue) from
IMC data. Scale bar: 5um (I) Dynamics of immune clusters (ICs) with CD8 cells,
(m) ICs with other T cells and (n) myeloid cells during treatment are shown by
box plots. Box plots show the median, two hinges representing the first and third
quartiles and two whiskers showing the minimum and maximum. P values in
panelsI-nare calculated by the two-sided Kruskal-Wallis test. ROIs from NRPs
(n=8attimepoint A, n=10 attimepoint B, n = 6 at timepoint C). ROIs from REPs
(n=12attimepoint A, n=13 at timepoint B, n =16 at timepoint C). P values in

all other panels are calculated by the two-sided Wilcoxon test, unless stated
otherwise.
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Extended Data Fig. 7| CD4 and CDS8 cell dynamics. Fractions of TIM-3-
expressing CD4 cells (a) and CD8 cells (b) in NRPs and REPs during treatment.
Pvalues in panels are calculated by the two-sided Wilcoxon test. (c) Plot shows
heterogeneity of CD4 and CD8 cell counts from IMC analyses in samples where
multiple region of interests (ROIs) were analyzed. Dots represent CD4 (blue) or
CD8cell count (red) inindividual ROIs. (d, e) Heterogeneity of ratio between
activated and exhausted CD8 cells (d) and CD4 cells (e) in samples with multi-
region ROIs. Ratio of activated and exhausted CD8 cells (f) and CD4 cells (g)
during treatment including both single and multi-region IMC datasets. Ratio of

activated and exhausted CD8 cells (h) and CD4 cells (i) stratified by treatment
type. Proportion of high and low CD8 (j) and CD4 (k) activation status inimmune
escaped viaHLA-LOH (n =10) and non-escaped (n = 23) samples with matching
IMC data. P value is calculated by the two-sided chi-square test. (I) Fishplots show
the number of 4-fold expanded TCRs between any two timepoints for NRP10 (left
panels) and REPOS (right panels). The colors correspond to the combination of
timepoints the TCR expansion occur in. P valuesin all panels are calculated by the
two-sided Wilcoxon test, unless stated otherwise.
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Extended Data Fig. 8| Reanalyzes ofimmune related results excluding post-
treatment samples from patients with complete remission. (a) Hierarchical
clustering with heatmap showing the significantly differentially expressed
pathways between the two clusters (right cluster is predominantly samples from
timepoint A/B and left cluster is predominantly timepoint C). Sample IDs and
timepoints are annotated at the bottom of the heatmap. (b) Enrichment in KEGG
pathways in Responders between Timepoint A and C (left) and in NonResponder
between Timepoint A and C (right). Dotted lines indicate significance level

of p,g; < 0.05. FDR-adjusted P values. Samples from NonResponder: n =8 at
timepoint A, n =8 at timepoint B, n =8 at timepoint C; Samples from Responder:
n=19attimepoint A, n=16 at timepoint B, n =18 at timepoint C. (c) Plot shows
immune cell composition based on CIBERSORT analysis in Responders and

NonResponders during neoadjuvant treatment. Samples from NonResponder:
n=_8attimepoint A, n=8attimepoint B, n = 8 at timepoint C; Samples from
Responder: n =19 attimepoint A, n =16 at timepoint B, n =18 at timepoint C.
(d) Absolute CD4 and CD8 cell counts per mm? during treatment. (e) T cell
phenotypesin EAC patients during treatment were analyzed for markers of T
cellactivation and exhaustion. Fractions of CD8 cells (top row) and CD4 cells
(bottom row) were compared among patient groups and visualized by violin
plots. (f) Ratio of activated and exhausted CD8 cells (left) and CD4 cells (right)
during treatment including both single and multi-region IMC datasets. (g) Ratio
ofactivated and exhausted CD8 cells (left) and CD4 cells (right) stratified by
treatment type. P valuesin all panels are calculated by the two-sided Wilcoxon
test, unless other stated.
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Extended Data Fig. 9| Unsupervised analyses in PAXgene fixed and formalin-
fixed samples. Principle component analysis of RNA-expression data (a) in
samples of different sequencing batches and (b) samples with different fixation
methods. F: formalin-fixed samples, P: PAXgene fixed samples. (c) Mean
expression of included IMC markers in PAXgene fixed samples and formalin-
fixed samples samples from Timepoint C. P values in panels are calculated by the
two-sided Wilcoxon test. F: formalin-fixed samples, P: PAXgene fixed samples.

(d) Principle component analysis of expression-based analysis of included IMC
markers including ROIs from all samples. PC: principal component. (e) Principle
component analysis of expression-based analysis of included IMC markers
including ROIs from Timepoint C. PC: principal component. Three samples
clustering slightly apart (circled in the PCA) were ROIs from the same patient
(REP23).
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C1: marginal tumour cells C4: tumour cells, in direct proximity to macrophages

-

Extended Data Fig. 10 | Exemplary staining of cells from ambiguous clusters. revision of those clusters, cell types could be attributed. IMC images for unclear
Plot shows exemplary stainings of cells from clusters C1, C4, C6, C11, C14, C18, clusters were taken from a minimum of 20 cells across different samples.
C23 and C24 (white arrow) with respective marker expression. After manual Scalebars:10 pm.
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A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly
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Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.
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Gene expression data, somatic mutation calls (MuTect2 and Annovar), copy-number calls (Sequenza), neoantigen calls (Nepred pipeline) and called TCRs are
available on Mendeley (doi: 10.17632/brsxvy4746.1)80. MCD files and cell segmentation files (IMC analyses) have been deposited at Zenodo (https://
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Reporting on race, ethnicity, or | Information on race, ethnicity or other socially relevant groupings has not been collected and is therefore not reported.
other socially relevant
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Population characteristics Population characteristics such as sex, age and ECOG performance status have been reported in supplemental table 1.

Recruitment EAC specimens were obtained from the prospective clinical MEMORI trial. All patients with locally advanced EAC who
attended Technical University Munich and University Hospital Ludwig-Maximillians-Universitaet were asked to participate in
the MEMORI trial. Patients who gave informed consent were screened for the MEMORI trial. Patients with locally advanced
EAC and intense FDG tracer uptake of the tumour at baseline FDG-PET-CT ( [ 18F | - FDG uptake in the tumor at baseline >
1.35 x liver SUV + 2x standard deviation of the liver SUV) and thus suitable for monitoring and early response prediction by
FDG - PET were eligible for MEMORI trial. The inclusion criteria of intense FDG tracer uptake in the treatment naive tumour,
might lead to a selection bias of patients with a higher tumour metabolism. Among included patients, FDG uptake intensity
was not associated with global transcriptomic differences (Extended Data fig 1A), suggesting no major stratification in
biologically different subgroups based on initial PET signal intensity. We can not exclude any self-selection biases of the
MEMORI cohort, which occurs in every clinical trial when the decision to participate in a study is left entirely up to
individuals. We do not expect that self-selection bias affects the translational results of our study.

Ethics oversight The MEMORI trial protocol was approved by the local ethics committee at Technical University Munich. All patients gave
written informed consent for collection and molecular analysis of their sample material and the inclusion of the information
listed in the manuscript within the MEMORI trial protocol. The study protocol is available on request.
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Life sciences study design

All studies must disclose on these points even when the disclosure is negative.

Sample size No statistical methods were used to pre-determine sample sizes but our sample sizes are similar to those reported in previous publications:

Findlay, J. M. et al. Differential clonal evolution in oesophageal cancers in response to neo-adjuvant chemotherapy. Nature communications 7,
11111, doi:papers2://publication/doi/10.1038/ncomms11111 (2016).

Murugaesu, N. et al. Tracking the genomic evolution of esophageal adenocarcinoma through neoadjuvant chemotherapy. Cancer discovery 5,
821-831, doi:papers2://publication/doi/10.1158/2159-8290.CD-15-0412 (2015).

Verschoor, Y. L. et al. Neoadjuvant atezolizumab plus chemotherapy in gastric and gastroesophageal junction adenocarcinoma: the phase 2
PANDA trial. Nat Med 30, 519-530, doi:10.1038/s41591-023-02758-x (2024).

Data exclusions  Various data exclusions were performed on an analysis-by-analysis basis (usually due to available sample numbers with required tumour
tissue or multi-omics quality). These are specified in the manuscript at the point that each analysis is described.
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Replication Specific replication on individual samples was not possible due to insufficient material.

Randomization  Randomization was not relevant to this study. The explicit analysis clinical-pathological of covariates, such as treatment responsiveness, is
reported in the manuscript. Our study was an observational cohort study so randomization was not possible. No differential outcomes were
examined so randomization was not needed.

Blinding Data collection and analysis were not performed blind to the clinical subgroups of the experiments.
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Antibodies

Antibodies used IMC antibodies used for IMC analysis
Target, clone, comapany, cat#, dilution
HLA-DR,TAL-1B5, Abcam, ab176408, 1:400
SMA, 1A4, Standard Biotools, 3141017D, 1:1600
Ki-67, B56, BD, 556003, 1:200
CD163, EDhu-1, Standard Biotools, 3147021D, 1:1600
Pan-keratin, C-11, Standard Biotools, 3148020D, 1:200
PD-L1, E1L3N, CST, 13684BF, 1:90
TCF-1, C63D9, CST, 2203BF, 1:100
Tim-3, DSDSR, Standard Biotools, 3154024D, 1:1600
FoxP3, 236A/E7, Thermo Fisher, 14-4777-82, 1:200
CD4, EPR6855, Abcam, ab181724, 1:400
E-cadherin, 24 E 10, Standard Biotools, 3031901, 1:200
T-bet, 4B10, BiolLegend, 644802, 1:100
CD8a, C8/144B, BioLegend, 372902, 1:1600
Eomes, WD1928, Thermo Fisher, 14-4877-82, 1:200
PD-1, D4W2J, CST, 86163BF, 1:200
CD204, JSHTR3, Thermo Fisher, 14-9054-82, 1:400
GranzymeB, EPR20129-217, Standard Biotools, 3167021D, 1:1600
CD38, EPR4106, Abcam, ab176886, 1:100
CD45R0, UCHLL, BioLegend, B265383, 1:300
DNA1, NA, Standard Biotools, 201192B, 1:2000
DNA2, NA, Standard Biotools, 201192B, 1:2000




Validation Target, Clone, Citation
HLA-DR, TAL-1BS5, "ljsselsteijn M, et al. 2019. Front. Immunol. 10:2534."
SMA, 1A4, "Schlecht A, et al. 2021. BMC Ophthalmology. 21(1):338."
Ki-67, B56, "Schwabenland M, Salié H, et al.2021. Immunity.54(7):1594-1610"
CD163, EDhu-1, "Schwabenland M, Salié H, et al. 2021. Immunity.54(7):1594-1610"
Pan-keratin C-11, "ljsselsteijn M, et al. 2019. Front. Immunol.10:2534."
PD-L1, E1L3N, "ljsselsteijn M, et al. 2019. Front.Immunol.10:2534."
TCF-1, C63D9, "Schwabenland M, Salié H, et al. 2021. Immunity.54(7):1594-1610"
Tim-3, DSD5R, "ljsselsteijn M, et al. 2019. Front. Immunol.10:2534."
FoxP3, 236A/E7, "Schwabenland M, Salié H, et al. 2021. Immunity.54(7):1594-1610"
CD4, EPR6855, "ljsselsteijn M, et al. 2019. Front.Immunol.10:2534."
E-cadherin, 24 E 10,"Schlecht A, et al.2021. BMCOphthalmology.21(1):338."
T-bet, 4B10, "ljsselsteijn M, et al. 2019. Front.Immunol.10:2534."
CD8a, C8/144B, "Sade—Feldman M, et al. 2018.Cell. 175:998"
Eomes, WD1928, "Schwabenland M, Salié H, et al. 2021. Immunity. 54(7):1594-1610"
PD-1, D4W?2J ,"ljsselsteijn M, et al. 2019. Front. Immunol. 10:2534."
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CD45RO, UCHL1, "ljsselsteijn M, et al. 2019. Front.Immunol.10:2534."
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Clinical data

Policy information about clinical studies
All manuscripts should comply with the ICMJE guidelines for publication of clinical research and a completed CONSORT checklist must be included with all submissions.

Clinical trial registration = NCT 2014-000860-16
Study protocol The MEMORI clinical trial protocol was approved by the local ethics committee at Technical University Munich.

Data collection Tumour tissue, blood samples and clinical data were collected at Technical University Munich and University Hospital Ludwig-
Maximillians-Universitaet within the MEMORI trial. Patients were enrolled in the MEMORI study between 12/ 2014 and 07 / 2018.
Sample processing, generation and processing of sequencing data and image analyses were performed at Barts Cancer Institute,
London, UK between 06/19 and 11/21. Image mass cytometry was performed at Universitaetskinikum Freiburg, Germany between
04/21 and 06/21.

Outcomes Our longitudinal molecular analysis is based on samples from the MEMORI trial. However, the clinical trial's predefined primary and
secondary outcomes are not subject to our molecular work.

Plants

Seed stocks Report on the source of all seed stocks or other plant material used. If applicable, state the seed stock centre and catalogue number. If
plant specimens were collected from the field, describe the collection location, date and sampling procedures.

Novel plant genotypes Describe the methods by which all novel plant genotypes were produced. This includes those generated by transgenic approaches,
gene editing, chemical/radiation-based mutagenesis and hybridization. For transgenic lines, describe the transformation method, the
number of independent lines analyzed and the generation upon which experiments were performed. For gene-edited lines, describe
the editor used, the endogenous sequence targeted for editing, the targeting guide RNA sequence (if applicable) and how the editor
was applied.

Authentication Describe-any-atithentication-procedures for-each-seed-stock-tised-ornovel-genotype-generated—Describe-any-experiments-used-to
assess the effect of a mutation and, where applicable, how potential secondary effects (e.g. second site T-DNA insertions, mosiacism,
off-target gene editing) were examined.




	Evolutionary and immune microenvironment dynamics during neoadjuvant treatment of esophageal adenocarcinoma

	Results

	Longitudinal profiling in nonresponder and responder EAC

	Limited evidence for clonal selection during treatment

	Copy number evolution through treatment

	Genetic and transcriptomic dynamics in EAC drivers

	Neoadjuvant treatment alters the EAC transcriptome

	Immune escape correlates with treatment response

	A distinct tumor microenvironment defines treatment response

	Dynamics of the T cell repertoire


	Discussion

	Methods

	Prospective sample collection within clinical MEMORI trial

	Section preparation

	DNA and RNA isolation
	Preparation of whole-exome sequencing libraries
	Preparation of RNA-seq libraries
	WES and RNA sequencing
	IMC staining
	IMC image acquisition
	TCR sequencing

	Bioinformatics summary methods

	WES computational methods
	RNA-seq computational methods
	Image mass cytometry computational methods

	Statistics and reproducibility

	Reporting summary


	Acknowledgements

	Fig. 1 Experimental workflow and overview of the study cohort.
	Fig. 2 Evolutionary dynamics of mutations during neoadjuvant treatment in EAC.
	Fig. 3 Dynamics in copy number alterations during neoadjuvant treatment.
	Fig. 4 Neoadjuvant treatment leads to profound changes in gene and pathway expression in EAC.
	Fig. 5 Increasing immune escape during neoadjuvant treatment correlates with poor treatment response.
	Fig. 6 Highly multiplexed imaging mass cytometry analysis reveals different T cell phenotype dynamics in NRPs and REPs during treatment.
	Fig. 7 T cells show clonal expansion in patients with neoadjuvant treatment response.
	Extended Data Fig. 1 Clinical data.
	Extended Data Fig. 2 Genetic dynamics in EAC.
	Extended Data Fig. 3 Genetic alterations in 108 EAC driver genes in NonResponder and Responder.
	Extended Data Fig. 4 Genetic dynamics and expression of EAC driver genes during treatment.
	Extended Data Fig. 5 Correlations between copy number state/ mutational status and gene expression in high-frequency EAC driver genes.
	Extended Data Fig. 6 Immune cell dynamics in EAC during treatment.
	Extended Data Fig. 7 CD4 and CD8 cell dynamics.
	Extended Data Fig. 8 Reanalyzes of immune related results excluding post-treatment samples from patients with complete remission.
	Extended Data Fig. 9 Unsupervised analyses in PAXgene fixed and formalin-fixed samples.
	Extended Data Fig. 10 Exemplary staining of cells from ambiguous clusters.




