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SUMMARY

No validated biomarkers beyond PD-L1 currently guide immune checkpoint inhibition (ICI) in advanced triple-

negative breast cancer (TNBC), and how tumors remodel their microenvironment in response to ICI remains 
incompletely understood. We perform a temporal analysis of patients with advanced TNBC treated with 
chemo-immunotherapy in the SYNERGY trial (NCT03616886; n = 84) and the EORTC-1553-SPECTA initiative 
(NCT02834884; n = 38) using RNA sequencing, whole-exome sequencing, multiplex immunofluorescence, 
and imaging mass cytometry. A transcriptomic progression-free survival (PFS)-based risk signature stratifies 
outcomes and is validated across ICI-treated cohorts, while showing context-dependent behavior in non-ICI 
settings. Favorable outcomes are associated with immune-enriched tumors with organized lymphoid archi-

tecture, while poor outcomes are linked to fibrotic, angiogenic microenvironments with frequent PI3K alter-

ations. Upon treatment, early progression was characterized by fibrovascular remodeling, macrophage 
expansion, and upregulation of alternative immunosuppressive mediators. These findings establish fibrovas-

cular and myeloid reprogramming as a coordinated resistance program, identify actionable therapeutic tar-

gets, and support microenvironment stratification in future ICI-based trials.

INTRODUCTION

The advent of immune checkpoint inhibition (ICI) has marked a 

paradigm shift in oncology. In locally advanced or metastatic tri-

ple-negative breast cancer (TNBC), combining chemotherapy

with ICI is now the standard of care (SOC) for patients with PD-

L1-positive tumors. 1 Although this has led to meaningful progress 

in patient outcomes, not all patients derive durable benefit. 2 

Currently, PD-L1 expression by immunohistochemistry (IHC) 

is the only approved biomarker to guide immunotherapy
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selection in advanced TNBC. However, its predictive value is 

limited, and there is a need for more effective predictive bio-

markers. 3 The intrinsic heterogeneity of TNBC further compli-

cates biomarker discovery. Molecular subtyping has emerged 

as a powerful approach to capture this diversity, 4–8 and more 

recently, subtype-guided trials such as the FUTURE 9–11 program 

have shown their therapeutic relevance in metastatic TNBC. 

Nevertheless, the relationship between subtype and chemo-

immunotherapy response in advanced TNBC cohorts remains 

incompletely defined.

To identify prognostic biomarkers and resolve how molecular 

subtypes shape ICI response, we performed comprehensive 

multi-omics profiling of advanced TNBC from two patient co-

horts treated with ICI, either in the context of a clinical trial or 

as SOC. These data were generated within the IMMUcan con-

sortium (https://immucan.eu/), a European immuno-oncology 

profiling initiative that integrates genomic, transcriptomic, prote-

omic, and multiplex protein imaging modalities with longitudinal 

clinical information.

RESULTS

Patient population and multimodal characterization

The IMMUcan advanced TNBC cohort (BC1 cohort, n = 122) 

included patients from the phase 1/2 SYNERGY trial 

(NCT03616886, n = 84) and the EORTC-1553-SPECTA study 

(NCT02834884, n = 38) (Figure 1A). Tumor biopsies underwent 

comprehensive molecular and immune profiling, including bulk 

RNA sequencing (RNA-seq), whole-exome sequencing (WES), 

multiplex immunofluorescence (mIF), and imaging mass cytom-

etry (IMC) (Figure 1B). Additionally, for the SYNERGY trial, histo-

logical characterization and IHC data of the full cohort 12 and sin-

gle cell RNA-seq (scRNA-seq) profiling of 27 tumors have been 

previously reported. 13 Briefly, the SYNERGY trial is an investi-

gator-initiated, randomized study designed to assess whether 

inhibiting the immunosuppressive adenosine pathway through 

the anti-CD73 antibody oleclumab could enhance the antitumor 

effects of chemo-immunotherapy in advanced TNBC. Patients 

were randomized to receive weekly carboplatin and paclitaxel 

for 12 cycles in combination with the anti-PD-L1 antibody durva-

lumab with (arm A) or without (arm B) oleclumab (Figure 1C). The 

primary endpoint was the clinical benefit (CB) rate at 24 weeks, 

defined as stable disease or partial or complete response per 

RECIST v.1.1. Secondary endpoints included progression-free 

survival (PFS) and overall survival (OS). The primary endpoint 

of SYNERGY was previously reported, 12 showing no significant 

difference between the two treatment arms. PFS and OS were 

subsequently presented, also showing no difference between 

the treatment arms. 14 In SYNERGY, baseline tumor biopsies 

(metastasis: n = 66, and primary tumors: n = 18) (Figure 1D) 

and on-treatment biopsies at week 2 (n = 21) were obtained.

Patients from the EORTC-1553-SPECTA study received first-

line treatment according to the SOC, with 22 of 38 receiving 

chemo-immunotherapy and the other 16 receiving chemo-

therapy alone. Tumor biopsies (metastasis; n = 5 and primary tu-

mors; n = 33) (Figure 1D) and on-treatment biopsies (n = 3) were 

similarly collected. An overview of patient characteristics and all 

data types is provided for SYNERGY (Figures 1E; Table S1) and 

SPECTA (Table S2).

Baseline tumor transcriptomes are associated with 

clinical outcome

To identify prognostic biomarkers, we aimed to define a tran-

scriptomic signature associated with PFS using a previously 

described machine learning approach. 15,16 PFS was chosen 

over the categorical CB endpoint as it captures both the depth 

and duration of the response and provides a standardized 

endpoint for consistent evaluation across cohorts. After 

excluding patients with missing RNA-seq data, absence of ICI 

treatment, or uncurated clinical data, baseline samples from 

the SYNERGY cohort (n = 81) were used to train the model, while 

the independent SPECTA cohort (n = 17) was used for validation. 

Briefly, for every gene, a Cox score was computed to assess the 

association between the gene’s expression level and PFS. Only 

genes that consistently met the significance threshold (p < 0.05) 

across leave-one-sample-out cross-iterations were retained, re-

sulting in a set of 271 genes (Table S3). Among these, 119 genes 

with a positive Cox score were associated with disease progres-

sion and classified as ‘‘high-risk genes.’’ In comparison, 152 

genes with a negative Cox score were inversely associated
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Figure 1. Overview of IMMUcan BC1

(A–C) (A) Patient cohorts, (B) applied technologies, and (C) SYNERGY trial design.

(D) Tissue origin of samples collected for BC1.

(E) Upset plot showing data modalities across BC1 SYNERGY. mTNBC, metastatic TNBC.
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Figure 2. A 271-gene signature predicts PFS

(A) Volcano plot of risk genes. p values indicate two-sided random permutation test. The dashed line indicates the p = 0.05 cutoff in the leave-one-sample-out 

iteration.

(legend continued on next page)
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with disease progression and classified as ‘‘low-risk genes’’ 

(Figure 2A). In this signature, low-risk genes were mainly involved 

in immune response functions, with a striking presence of B cell 

receptor genes. In contrast, high-risk genes were mainly related 

to fibrosis or wound healing (Figures 2B; Table S3). Notably, the 

high-risk genes included NT5E, encoding CD73, 17 which is the 

target of oleclumab, tested in combination with chemo-ICI in 

the SYNERGY trial.

A signature risk score was subsequently calculated for each 

sample using a class prediction algorithm, 18 dividing the cohort 

into two prognostic groups based on the sign of the signature 

risk score (Figure 2C). Patients assigned to the ‘‘better 

outcome’’ group (i.e., positive signature score) exhibited a 

significantly longer PFS (Figure 2D) and OS (Figure S1A) 

compared to those assigned to the ‘‘worse outcome’’ group. 

Consistently, in univariable Cox regression analysis, the contin-

uous signature risk score was significantly associated with PFS 

(Figure 2E) and OS (Figure S1B), showing a protective effect for 

higher scores. Since NT5E (CD73) was among the high-risk 

genes, we assessed whether patients in the worse-outcome 

group benefited from CD73 blockade with oleclumab. However, 

no significant difference in PFS or OS was observed (data not 

shown).

As the SYNERGY baseline samples comprise both primary tu-

mor and metastatic biopsies, we examined whether the tran-

scriptomic signature differed between these two sample types. 

No statistically significant differences were observed, neither in 

signature risk scores nor in gene set variation analysis (GSVA)- 

derived enrichment scores of the high- and low-risk gene sets 

(Figures S1C and S1D). However, metastatic samples tended 

to display lower (i.e., worse) risk scores and reduced expression 

of low-risk genes. Indeed, metastatic lesions typically harbor 

reduced immune cell infiltration, 19 which is expected to result 

in lower expression of the immune-related transcripts that 

constitute the low-risk gene set. In line with this, when risk scores 

were compared across individual metastatic biopsy sites, no sig-

nificant differences were observed overall (Figure S1E), though 

lymph node metastases, given their intrinsic immune-rich micro-

environment, displayed a significant enrichment of better-prog-

nosis tumors (13 of 16; p = 0.0045) (Figure S1F).

To ensure the signature constitutes an independent prog-

nostic factor, we performed multivariable Cox regression 

combining the signature risk score with key clinicopathological 

variables. The signature remained strongly and independently 

associated with both PFS and OS (Figures S1G and S1H) and 

likewise captured prognostic information independent of CB 

(Figures S1I and S1J). When jointly stratified by CB status and 

transcriptomic risk, the signature further refined outcome predic-

tion within the group with CB, suggesting that our signature

could be helpful to identify patients who will have a very durable 

response to chemo-immunotherapy (Figure S1K).

Next, we validated the signature in the independent SPECTA 

cohort where low-risk patients showed significantly longer PFS 

(p = 0.029) (Figure 2F). Univariable Cox regression analysis 

confirmed the association between the continuous risk score 

and PFS (Figure 2G).

To further assess the performance of the signature, we lever-

aged data from the AURORA program, 20,21 a large international 

molecular profiling initiative of metastatic breast cancer 

including RNA-seq data linked with curated clinical annotations 

from more than 1,150 patients recruited across 11 European 

countries. Within this database, 123 patients with first-line 

advanced TNBC were identified. Among these, 10 patients had 

received first-line chemo-ICI and were combined with the 

SPECTA cohort to generate an expanded ‘‘real-world’’ validation 

set (n = 27) matched to the clinical context of our study. In this 

combined cohort, the transcriptomic signature confirmed its 

prognostic value for PFS (Figures S2A and S2B).

Interestingly, when applying the signature to AURORA TNBC 

patients treated with first-line systemic therapy without ICI 

(n = 113), the direction of association was reversed, with 

better-risk tumors showing inferior PFS compared to worse-

risk tumors (Figures S2C and S2D). These findings suggest 

that the transcriptomic signature captures biological features 

specifically associated with benefit from chemo-ICI, rather 

than reflecting a general prognostic signal independent of the 

treatment context.

We further evaluated the signature in the TONIC trial, a phase 2 

study of nivolumab following different induction strategies in 

heavily pretreated metastatic TNBC, 22 representing a biologi-

cally distinct context compared to first-line chemo-ICI. While 

the predefined binary better-versus-worse classification showed 

only a trend toward outcome separation without reaching statis-

tical significance (Figure S2E), we additionally incorporated clas-

sification confidence into the analysis by assigning samples with 

low-confidence predictions (permutation test p > 0.05) to an in-

termediate group. 16 Under this confidence-aware stratification, 

combining intermediate and worse-risk tumors revealed signifi-

cant separation from the better-risk group (p = 0.034) 

(Figure S2F), suggesting that the signature retains the ability to 

identify a subgroup of patients with more favorable outcomes 

even in this later-line setting.

Finally, we applied the signature to two independent publicly 

available clinical trial datasets. First, in a prospective single-

arm phase 2 trial of carboplatin, nab-paclitaxel, and pembrolizu-

mab in patients with metastatic TNBC with up to two prior lines of 

therapy (NCT03121352), 23 the transcriptomic risk signature was 

significantly associated with OS despite the limited sample size

(B) Ontology enrichment of risk genes. Gene ratio indicates proportion annotated to each term.

(C) Heatmap shows risk gene expression in SYNERGY. Progr.<6 months, progression in <6 months. Gray indicates patients with <6 months’ follow-up.

(D–G) (D) PFS curves among risk-stratified groups and (E) univariable Cox regression of signature risk score for PFS in SYNERGY and (F and G) SPECTA. p values 

for Kaplan-Meier curves indicate two-sided log rank test. HR, hazard ratio. Two-sided Wald test for Cox regression is indicated to the right of the 95% confidence 

interval.

(H) UMAP of RNA-seq of SCAN-B (early TNBC) and SYNERGY by subtype.

(I) Distribution of signature risk scores across subtypes in first-line metastatic cohorts. Box plots indicate the range (central 50% of the data) with the central line 

indicating the median. Whiskers extend to 1.5× the interquartile range. Pairwise p values indicate two-sided Wilcoxon rank-sum test.
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Figure 3. Baseline RNA-seq characterization of SYNERGY

(A) GSEA of hallmark gene sets comparing signature risk groups. Only hallmarks with FDR<0.05 are shown. NES, normalized enrichment score; FDR, false 

discovery rate.

(legend continued on next page)
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(p = 0.026), while PFS showed a non-significant trend (p = 0.43) 

(Figures S2G and S2H). We next assessed the signature in the 

TBCRC-043 phase 2 trial (n = 106), in which patients with meta-

static TNBC were randomized to carboplatin alone or carbopla-

tin plus atezolizumab across first-, second-, and third-line meta-

static settings (NCT03206203). 24 In the atezolizumab plus 

carboplatin arm, no significant stratification of PFS could be 

observed (Figure S2I). This likely reflects fundamental differ-

ences in the tumor microenvironment (TME) composition be-

tween cohorts, as evidenced by markedly lower PD-L1 positivity 

in TBCRC-043 compared to SYNERGY, both on immune cells 

(20% vs. 69%) and tumor cells (4% vs. 7%). 12,24

Transcriptomic subtyping captures response 

heterogeneity in metastatic TNBC

Molecular subtyping of TNBC was originally established in pri-

mary tumors and has been extensively characterized in the 

early-stage setting. 4,6–8 Yet, whether these subtypes are pre-

served in metastatic biopsies and whether the ICI benefit differs 

across them remains unknown. We, therefore, first asked 

whether transcriptomic subtyping established in early TNBC 

is applicable to metastatic disease. Comparing subtypes in 

the SYNERGY cohort with primary tumors from patients with 

early-stage TNBC in the SCAN-B initiative 25 (n = 649), we found 

highly concordant uniform manifold approximation and projec-

tion (UMAP) distributions, indicating that the five molecular 

subtypes, basal-like (BL), immunomodulatory (IM), mesen-

chymal (M), mesenchymal stem-like (MSL), and luminal 

androgen receptor (LAR), 4,6,7 are preserved in metastatic 

TNBC (Figure 2H).

We then explored the relationship between these molecular 

subtypes, the transcriptomic risk signature, and clinical outcome. 

Across first-line metastatic cohorts (SYNERGY, SPECTA, and 

AURORA), BL and IM tumors displayed higher (i.e., better-

outcome) signature risk scores than M, MSL, and LAR subtypes 

(Figure 2I). In the SYNERGY cohort, IM tumors were associated 

with more favorable outcomes, whereas MSL tumors exhibited 

the worst prognosis (Figure S3A). In multivariable Cox regression 

models including both subtype and the transcriptomic risk score, 

the latter remained significantly associated with PFS, demon-

strating prognostic value beyond molecular subtype classification 

(Figure S3B). Similar results were observed in the combined 

SPECTA and AURORA first-line chemo-ICI cohort, despite limited 

sample size (Figures S3C and S3D).

In contrast, in AURORA patients treated with first-line sys-

temic therapy without immunotherapy, subtype-associated out-

comes were reversed, with IM tumors displaying worse out-

comes and MSL tumors showing more favorable prognosis 

(Figure S3E), echoing the inversion observed for the transcrip-

tomic risk signature (Figure S2C). In this setting, the risk score 

did not retain independent significance in multivariable analysis 

(Figure S3F).

Altogether, these findings indicate that while BL and IM sub-

types associate with better risk scores, the transcriptomic risk 

signature provides additional prognostic information for 

chemo-ICI response beyond subtype classification alone.

Unraveling the transcriptomic architecture of the TME 

associated with chemo-ICI response

To further dissect the biological interpretation of the risk signa-

ture, we performed gene set enrichment analysis (GSEA) 

comparing patients with better versus worse outcomes based 

on the signature risk score in the SYNERGY cohort. Hallmark 

gene sets related to immune functions and cell cycling were en-

riched in patients with better outcomes, while those related to 

(myo)fibrovascular pathways were enriched in patients with 

worse outcomes (Figure 3A). Given the central role of these 

three features, we visualized GSVA scores for hallmarks ‘‘allo-

graft rejection,’’ ‘‘angiogenesis,’’ and a cell cycle gene set for 

each sample in a ternary plot (Figure 3B). Interestingly, MSL 

and LAR samples generally had a worse outcome and were 

clustered mainly toward the angiogenesis apex. This highlights 

that high angiogenic transcription, low proliferation, and low im-

mune infiltration are emblematic of worse outcomes to chemo-

ICI. Notably, angiogenic and proliferation-related pathways 

were specifically captured by the signature stratification but 

not by CB-based stratification (Figure S1L), suggesting these 

programs contribute to longer-term PFS beyond the CB 

endpoint. Intriguingly, tumors of the M subtype were distributed 

among both prognostic groups, with the key distinction being 

their proliferation status (Figure 3B). This suggests that baseline 

proliferation status alone may define the response of M tumors 

to chemo-ICI.

In addition, we performed a weighted gene correlation 

network analysis 26 (WGCNA) on baseline RNA-seq of the 

SYNERGY cohort. This identified 27 modules of co-expressed 

genes, each capturing distinct biological processes (Figure 

3C; Table S4). For each sample, a module eigengene was calcu-

lated for every module that summarizes its overall gene expres-

sion. A correlation analysis between the module eigengenes 

identified three ‘‘supermodules’’ of highly correlating modules, 

representing (myo)fibrovascular-related genes, immune system 

genes, and a group of modules covering cell cycle, gene expres-

sion, and translation (Table S5). Next, we correlated the module 

eigengenes with baseline clinico-pathological and molecular tu-

mor characteristics, as well as with patient survival outcomes 

(Figure 3D).

Two modules, M25 and M26, demonstrated a statistically 

significant association with improved PFS and OS. These two 

modules were enriched with genes related to B cells and 

plasma cells, respectively. Additionally, two modules, M17 (en-

riched for RNA metabolism) and M21 (representing peptide 

processing and MHC-I presentation), showed a significant as-

sociation with improved PFS but not with OS. Overall, only

(B) Ternary plot of GSVA scores for hallmarks allograft rejection, angiogenesis, and a cell cycling gene set. Dashed line indicates the angiogenesis apex.

(C) WGCNA network plot: genes function as nodes and edges connect gene pairs with strong co-expression.

(D) Heatmap showing the associations between module gene expression and baseline tumor characteristics and survival outcomes. Continuous features by two-

sided Spearman correlation test (FDR<0.05), binary features by two-sided Wilcoxon rank-sum test (FDR<0.05), and OS/PFS by univariate Cox regression 

(likelihood ratio test p < 0.05). Black outlined boxes indicate significant associations.
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the fibrovascular module (M9) was strongly correlated with a 

worse outcome as defined by our signature risk score. In 

contrast, modules related to cell cycle (M20) and immune 

response (M2, M21, M22, M25, and M26) were associated 

with a better outcome. These immune-related modules were 

significantly associated with higher levels of stromal tumor-infil-

trating lymphocytes (TILs), with increased PD-L1 IHC expres-

sion on immune cells, and with the IM subtype. Conversely, 

they showed an inverse significant correlation with the M sub-

type, indicating that M tumors are characterized by a low im-

mune cell infiltration. Additionally, MSL was the only subtype

to demonstrate a significant correlation to the fibrovascular 

M9 module, once again linking MSL to fibrosis and worse 

outcome.

WES reveals an association between PI3K pathway 

alterations and worse outcome

Given the marked transcriptional differences between outcome 

groups, we investigated whether specific genomic alterations 

could account for these patterns by performing WES of baseline 

tumors (n = 79). This identified 10,889 somatic mutations 

(Table S6), with the highest frequencies observed in known

Figure 4. WES analysis at baseline in SYNERGY

(A) Oncoplot showing distribution of the key driver mutations; percentages indicate fraction of samples harboring a mutation.

(B) Bar plot comparing driver mutation frequency between transcriptomic risk groups. p values indicate two-sided Fisher’s exact test.

(C) Univariate Cox regression for PFS across selected driver mutations. HR, hazard ratio. Whiskers indicate 95% confidence interval. p values indicate two-sided 

Wald test.

(D) Bar plot showing the number of patients with at least one mutation in PI3K pathway genes in transcriptomic risk groups. p values indicate two-sided Fisher’s 

exact tests.

(E) GSEA of baseline RNA-seq comparing tumors with altered versus unaltered PI3K pathway.

(F) Distribution of TNBC subtypes by driver mutation status.

(G) Association between TMB and PFS by univariate Cox regression. Whiskers indicate 95% confidence interval. p values indicate two-sided Wald test.

(H) Boxplot comparing TMB levels between transcriptomic risk groups. Boxplots indicate the range of the central 50% of the data with the central line marking the 

median. Whiskers extend to 1.5× the interquartile range. p values indicate two-sided Wilcoxon rank-sum test.
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TNBC driver genes, 8,27 including TP53 (n = 58, 73%) and PIK3CA 

(n = 11, 14%) (Figure 4A).

We compared driver mutation frequencies between outcome 

groups as defined by the risk signature (Figure 4B). None were 

significantly associated with PFS (Figure 4C). However, PI3K/ 

AKT/mTOR pathway mutations were significantly more frequent 

in worse outcome tumors as defined by the risk signature (p = 

0.005, Figure 4D), suggesting a potential role in chemo-ICI resis-

tance. Consistently, PI3K pathway-altered tumors showed 

repression in cell cycling pathways (G2M checkpoint and E2F 

targets) (Figure 4E), suggesting that PI3K alterations convey a 

low proliferation phenotype with a worse outcome in the context 

of chemo-ICI. Furthermore, PIK3CA mutations were also 

commonly observed in LAR tumors, exhibiting a more immuno-

suppressive TME, consistent with previous studies in early-stage 

TNBC 6 (Figure 4F). In addition, tumor mutational burden (TMB) 

was not significantly associated with PFS (Figure 4G), or 

outcome group (Figure 4H), suggesting that TMB is not an infor-

mative biomarker for chemo-ICI response in this context.

Chemo-ICI induces early changes in the TME

To explore early transcriptional changes induced by chemo-ICI, 

we analyzed paired bulk RNA-seq data from baseline and week 2 

biopsies (n = 21, SYNERGY cohort), evenly distributed over the 

two treatment arms, with 11 of 21 patients having received ole-

clumab. All patients with available paired samples had a rela-

tively poor outcome, with a median PFS of less than 10 and

5 months for the ‘‘better’’ (n = 10) and ‘‘worse’’ (n = 11) outcome 

groups, respectively (Figure 5A). It should thus be taken into ac-

count that patients with exceptionally long PFS are absent from 

this analysis.

First, we identified genes up- or downregulated after

2 weeks of treatment (Figure S4A). To determine the cellular 

origin of these transcriptional changes, we leveraged the sin-

gle-cell atlas of SYNERGY 13 (Figures S5A and S5B) and pro-

jected these genes onto this single-cell reference. Downregu-

lated genes were predominantly expressed in cycling 

epithelial cells (Figure S4B), suggesting reduced proliferation 

or diminished tumor cell abundance. In contrast, upregulated 

genes localized mainly to fibroblasts and macrophages 

(Figure S4C), pointing to fibrotic TME remodeling and macro-

phage expansion.

To better understand how these changes relate to treatment 

outcomes, we stratified patients based on the risk signature. In 

patients with better outcomes, downregulated genes were highly 

expressed in cycling epithelial cells (Figures S4D and S4E), while 

upregulated genes were expressed in fibroblasts (Figure 5B). In 

worse outcome patients, downregulated genes did not display a 

specific cellular expression pattern (Figures S4F and S4G), while

upregulated genes were highly expressed in macrophages 

(Figure 5C).

These findings suggest that the decrease in proliferating tu-

mor cells and increase in fibroblasts occurred mainly in patients 

with relatively better PFS. In contrast, the increase in macro-

phages was observed predominantly in patients with worse 

PFS. This divergence indicates that the transcriptional activity 

of these three cell types varies with clinical outcomes. To 

further explore this, we first identified marker genes for fibro-

blasts, macrophages, and cycling epithelial cells from the 

SYNERGY scRNA-seq landscape and calculated GSVA scores 

for these marker genes for each sample collected at baseline 

and week 2. We constructed a ternary plot and visualized the 

individual components separately for each paired sample, 

showing the individual patient trajectories on treatment 

(Figure 5D). This indicates that upon treatment, patients with 

relatively better outcomes showed a significant decrease in 

proliferation (p = 0.002) and an increase in fibroblasts (p = 

0.049), and also in macrophages (p = 0.049), whereas patients 

with the worst outcomes showed only a significant increase in 

macrophages (p = 0.032).

To characterize potential changes in intercellular communica-

tion induced by 2 weeks of chemo-ICI, we applied 

MultiNicheNet 28 to the scRNA-seq data of SYNERGY. The top 

50 ligand-receptor interactions revealed a reconfiguration of 

the cell-cell signaling circuitry upon treatment (Figure 5C). At 

week 2, macrophage-derived IL-10 signaling could be seen, 

both in an autocrine fashion and toward monocytes. Addition-

ally, TGFB1-mediated communication between immune cells 

and endothelial cells was observed, whereas the baseline 

communication detected between vascular smooth muscle cells 

(VSMCs) was lost after 2 weeks of therapy, further highlighting 

the dynamic remodeling of vascular signaling networks under 

treatment pressure. Furthermore, a self-reinforcing feedback 

loop from fibroblasts signaling through a FGF7-FGFR1 ligand-re-

ceptor interaction could be seen, suggesting the implication of 

FGFR1 as a fibrogenic actor.

Strikingly, these immunosuppressive signaling patterns were 

not unique to the on-treatment setting. A MultiNicheNet analysis 

comparing baseline tumor samples from patients with better 

versus worse prognosis revealed the same immunosuppressive 

axes observed in worse outcome tumors: TGFB1 signaling 

converging on endothelial receptors, macrophage-derived IL-

10 signaling in an autocrine fashion, and a strong angiogenic 

signal characterized by monocyte-derived VEGFA signaling to-

ward endothelial cells (Figure S5C). Together, these findings 

suggest that the on-treatment TME reconfiguration in refractory 

patients recapitulates key features of the intrinsically worse 

prognosis state already present at baseline.

Figure 5. Temporal tissue adaptation to chemo-immunotherapy in SYNERGY

(A) Kaplan-Meier curves stratified by risk signature and availability of on-treatment RNA-seq samples. <NA>, not available.

(B) Upregulated genes in on-treatment bulk RNA-seq of better prognosis patients projected on SYNERGY scRNA-seq landscape. Dashed lines indicate 10 th and 

90 th percentiles of all module scores. Yellow lines indicate median.

(C) Similarly, for worse prognosis patients.

(D) Individual components of the ternary plot of normalized GSVA scores for macrophage, fibroblast, and cycling gene sets. Patient-level arrows indicate change 

from baseline to week 2. Gray arrows indicate average. p values indicate two-sided Wilcoxon signed-rank test.

(E) Differences in predicted ligand-receptor activity between patients at baseline and on treatment. The top 50 differential ligand-receptor pairs are shown.
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Figure 6. Cellular neighborhood analysis in SYNERGY using Cellohood

(A) Neighborhoods with cell-type abundance (% of cells) (left panel) and standardized marker gene expression (right panel). Gray tiles indicate underrepresented 

cell types (≤5%) in the neighborhood when marker expression is not computed.

(legend continued on next page)
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Spatial organization of the immune compartment is 

associated with clinical outcome

To complement the transcriptomic findings with an independent 

layer of biological information, we next characterized the TME at 

the protein level using mIF and IMC, covering 16 (3 panels) and 

40 markers, respectively, to generate spatially resolved tissue 

profiles. 29 Baseline mIF analysis showed that higher dendritic 

cell levels were associated with improved PFS and OS, and 

PD1 + cell densities with better OS (Figures S6A and S6B). IMC 

further revealed that plasma cell abundance was positively 

correlated with both OS and PFS, and plasmacytoid dendritic 

cells (pDCs), with improved PFS (Figures S6C and S6D).

We next compared baseline TME composition according to 

the risk signature-defined outcome groups. Tumors from pa-

tients with better outcomes exhibited higher densities of CD4 + 

T cells, CD8 + T cells, Tregs, granzyme B + T cells, B cells, and 

plasma cells, along with increased tumor cellularity. In contrast, 

worse outcome tumors showed fewer immune features but 

instead displayed higher densities of PDGFRB + and SMA + mural 

cells, i.e., perivascular smooth muscle cells and activated con-

tractile fibroblasts that represent the tumor stroma (Figures 

S6E and S6F). Representative mIF and IMC images for both out-

comes are shown in Figures S6G and S6H. To investigate TME 

changes induced by treatment, we analyzed paired tumor bi-

opsies (baseline and week 2) from 21 patients stratified by the 

risk signature. Consistent with the transcriptomic data, IMC 

analysis showed an increase in macrophages on-treatment in 

patients with worse outcomes (Figures S6I and S6J).

Because individual cell-type densities provided limited 

explanatory power for clinical outcomes, particularly in mIF 

and only marginally more so in IMC (Figure S6), we next inte-

grated spatial tissue context using Cellohood. This trans-

former-based autoencoder generates fixed-size representations 

of cellular neighborhoods (CNs), enabling systematic analysis of 

tissue architecture across patients. 30 Applied to baseline and 

week 2 IMC slides from the SYNERGY cohort, this model identi-

fied 27 distinct CNs, each characterized by a specific cellular 

composition and spatial features (Figure 6A).

At baseline, tumors with worse transcriptomic risk scores ex-

hibited neighborhoods enriched in PDGFRB + and SMA + ‘‘mural 

cells,’’ indicative of fibrotic remodeling (Figures 6A and 6B). For 

example, CN15 represented an almost exclusively mural cell-

dominant environment, while CN14 captured hypoxic carbonic 

anhydrase + , PD-L1 + tumor cells embedded within a mural cell-

rich neighborhood (Figure 6D). In contrast, patients with better 

outcomes demonstrated CNs with low mural cell content, such 

as CN6 and CN12, as well as immune-enriched CNs like CN2, 

CN7, and CN23 (Figures 6B and 6C). Notably, CN23 displayed 

hallmarks of a functional tertiary lymphoid structure (TLS)-like or-

ganization, 31 including spatially organized clusters of CD20 +

CD27 + CD40 + B cells adjacent to T cells (Figure 6E). These 

markers indicate activated memory B cells, suggesting local an-

tigen-driven maturation processes consistent with TLS activity. 

Such features are undetectable via conventional H&E staining. 

This finding suggests that mural cell enrichment may hinder 

the establishment of organized TLS structures, potentially re-

stricting effective anti-tumor immunity.

Upon chemo-ICI treatment, we observed a reduction in PD-

L1 + tumor-associated neighborhoods (CN12, CN13, CN14, 

and CN24), which were replaced by PD-L1 − tumor CNs (CN19 

and CN6) and mixed stromal-immune neighborhoods containing 

mural cells, macrophages, and PD-L1 − tumor cells (CN21, 

CN16, and CN1) (Figures 6F and 6G). These shifts suggest a re-

modeling of tumor architecture under therapeutic pressure, 

potentially involving PD-L1 downregulation. Notably, the fibrotic 

immune-desert CN0 disappeared upon treatment, while macro-

phage-enriched stromal neighborhoods (CN21, CN16, and CN1) 

appeared (Figures 6A and 6H), highlighting treatment-associ-

ated recruitment of macrophages within a stromal, PD-L1 − tu-

mor environment in metastatic TNBC.

DISCUSSION

We performed a multi-omics analysis of advanced TNBC pa-

tients from the IMMUcan project, integrating bulk and scRNA-

sequencing, IHC, WES, mIF, and IMC. At baseline, tumors 

from patients with better survival outcomes displayed enriched 

immune activity, higher proliferative status, and spatial colocali-

zation of B and T cells. In contrast, poor prognosis was linked to 

a mural cell-rich angiogenic and fibrotic TME characterized by 

low proliferation and limited immune infiltration. These findings 

align with previous reports suggesting that fibrosis may 

contribute to immune evasion by creating a mechanical barrier 

impeding immune cell infiltration and by promoting immunosup-

pressive signaling. 32 Cellohood analysis further demonstrated 

that immune cells were spatially organized into aggregates 

resembling functional TLS in tumors with better outcomes, 

whereas fibrotic tumors lacked TLS. This suggests that stromal 

remodeling may be associated with a reduced capacity to sup-

port TLS formation, potentially limiting local anti-tumor immune 

priming. 33

We also observed an increased frequency of PI3K pathway al-

terations in patients with worse prognosis. In TNBC, PIK3CA mu-

tations have been associated with poor prognosis and resistance 

to chemotherapy, in early disease settings. 34–36 Mechanistically, 

PI3K/mTOR activation has been linked to upregulation of PD-

L1, 37 reduced antigen presentation, and modulation of myeloid 

polarization, 38 whereas pathway inhibition can enhance dendritic 

cell, CD8 + T cell, and NK cell infiltration and improve response to 

ICI. 39 Thus, PI3K/AKT/mTOR alterations may contribute to poor

(B) Differential presence of neighborhoods in samples at baseline with a worse compared to better prognosis.

(C) Highlight of B and T cell abundance in selected neighborhoods.

(D and E) (D) Example of CN14 in a worse prognosis sample and (E) CN23 in a better prognosis sample at baseline.

(F) Differential presence of neighborhoods at baseline compared to week 2.

(G) Highlight of standardized PD-L1 protein expression on epithelial tumor cells in selected neighborhoods.

(H) Example of CN1 of a week 2 sample with increased macrophage signal.

BnT, ambiguous B or T cell in close proximity; HLADR, HLA-DR + cell lacking canonical lineage markers. q values indicate FDR-corrected two-sided t test.
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outcomes through a dual mechanism of enhanced tumor survival 

and immune evasion. 40

We further examined longitudinal TME changes upon treat-

ment with chemo-ICIs. On-treatment biopsies showed fibrovas-

cular reconstruction, macrophage expansion, and reduced 

PD-L1 expression on tumor cells along with increased expres-

sion of TGFβ1 and IL-10, suggesting the emergence of alterna-

tive immunosuppressive programs under therapeutic pressure. 

Our findings highlight the need for combination strategies 

targeting immune checkpoints alongside pathways involved in 

fibrosis, angiogenesis, and/or immunosuppressive macro-

phages. Ongoing development of agents such as bispecific 

antibodies against PD-(L)1-VEGFA 41,42 or antiangiogenic/antifi-

brotic tyrosine kinase inhibitors in combination with anti-PD-

(L)1 antibodies 43 may help overcome resistance. Compounds 

that target immunosuppressive macrophages may also help 

reverse or delay disease progression. PI3K pathway inhibitors 

also emerge as potential therapeutic interventions to counter 

both tumor-intrinsic aggressiveness and immunosuppression.

Finally, we assessed the generalizability of the transcriptomic 

signature across independent cohorts. Its performance was 

strongly context dependent, reflecting the substantial biological 

heterogeneity of metastatic TNBC. Notably, in AURORA pa-

tients treated without immunotherapy, the signature direction 

was reversed, with better-risk tumors showing inferior PFS, 

consistent with molecular subtype-specific biology. Immune-

enriched tumors, typically associated with better outcomes un-

der immunotherapy, may paradoxically carry a worse prognosis 

in the absence of ICI, while MSL and LAR subtypes, character-

ized by lower immune infiltration and indolent low-proliferation 

may display improved outcome in non-immunotherapy 

contexts.

In the TBCRC-043 cohort, the absence of signature perfor-

mance may be related to differences in the study population, 

where patients were more heavily pre-treated compared to the 

patients included in the SYNERGY (first-line setting). Moreover, 

marked differences in PD-L1 positivity on tumor-infiltrating im-

mune cells in TBCRC-043 suggest distinct immunological land-

scapes between these cohorts. This is further supported by the 

absence of durable long-term responders in TBCRC-043, where 

all patients progressed within approximately 20 months (median 

4.11 months), in contrast to SYNERGY, where a subset of pa-

tients exhibited prolonged disease control exceeding 5 years. 

Similar context dependency has been observed in the IMpas-

sion130 trial, where benefit from atezolizumab was largely 

restricted to PD-L1-positive immune-infiltrated tumors. 44,45 

Several limitations of this study warrant consideration. First, 

SYNERGY included patients with both PD-L1 + and PD-L1 − tu-

mors, as the trial was designed before results became available 

from the two large regulatory phase 3 clinical trials 45,46 leading to 

the approval of chemo-ICI as SOC for first-line PD-L1 + TNBC. 

Second, the treatment landscape is rapidly evolving: the wide-

spread adoption of neoadjuvant pembrolizumab in early TNBC 

will fundamentally alter the biology of patients presenting with 

recurrent metastatic disease, potentially rendering current find-

ings less applicable to this emerging population. Third, paired 

on-treatment biopsies were unavailable for patients with durable 

long-term responses, limiting our ability to characterize the tran-

scriptomic and microenvironmental features associated with 

exceptional long-term benefit.

Taken together, these findings add to a growing body of evi-

dence demonstrating that TNBC is not a single disease but en-

compasses multiple biologically distinct entities with different 

molecular dependencies, immune landscapes, and therapeutic 

vulnerabilities. While this heterogeneity has been recognized 

for more than a decade, 47 it remains only partially reflected in 

current treatment algorithms. Moving beyond the historical 

TNBC label toward biologically driven classifications integrating 

tumor genomics and TME characteristics will likely be essential 

for the next generation of precision therapeutic strategies.

Looking ahead, the development of robust predictive bio-

markers for metastatic TNBC will require moving beyond static, 

single-time-point molecular profiling toward dynamic biomarker 

strategies that capture the evolving tumor-immune interplay un-

der treatment pressure. Integrating longitudinal molecular read-

outs with imaging, metabolic, and systemic host response pa-

rameters within adaptive clinical trial designs will be essential 

to identify which patients benefit from ICI-based regimens, 

when resistance emerges and how treatment strategies should 

be modified in real time.

Limitations of the study

Our translational analysis has some limitations. First, on-treat-

ment biopsies were available for only a subset of patients, and 

none were obtained from patients with exceptional durable re-

sponses, largely because these patients frequently achieved 

early complete radiological responses precluding repeat biopsy. 

Consequently, we could not characterize the dynamic transcrip-

tomic and microenvironmental changes associated with long-

term benefit. Second, although we validated our transcriptomic 

signature across multiple independent cohorts, suitable data-

sets of ICI-treated advanced TNBC remained limited. Available 

cohorts differed in treatment line, therapeutic regimen, and 

baseline immune characteristics, particularly PD-L1 prevalence, 

highlighting the biological and clinical heterogeneity of advanced 

TNBC and emphasizing that biomarker performance is highly 

context dependent. Finally, although our multi-omics approach 

integrated bulk transcriptomics, WES, single-cell transcriptom-

ics, and spatial proteomics (mIF and IMC), it did not include 

spatial transcriptomics. Future studies combining spatial tran-

scriptomics with high-dimensional imaging may provide an 

even more comprehensive understanding of the cellular interac-

tions underlying the fibrovascular and myeloid resistance pro-

grams identified here.
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STAR★METHODS

KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

CD15 – mIF Biolegend Cat#301902; RRID:AB_314194

panCK - mIF DAKO Cat#M3515; RRID:AB_2132885

CD3 - mIF DAKO Cat#A0452; RRID:AB_2335677

CD11c – mIF Cell Marque Cat#111M-15; RRID:AB_3714915

CD20 – mIF DAKO Cat#M0755; RRID:AB_2282030

CD163 – mIF Histoline Cat#MB460; RRID: AB_3714914

PD1 - mIF Biocare clone NAT105; Cat#ACI3137

PDL1 - mIF Cell Signaling Cat#13684; RRID:AB_2687655

GB - mIF Monosan Cat#MON7029C; RRID: AB_2114692

Ki67 - mIF CellMarque clone SP6; Cat#275 R; RRID: AB_1158037

CD8 - mIF CellMarque clone SP16; Cat#108 R; RRID: AB_2892088

CD4 - mIF CellMarque clone SP35; Cat#104 R; RRID: AB_1516770

FoxP3 - mIF Abcam Cat#Ab99963; RRID:AB_10675258

CD56 - mIF CellMarque clone MRQ-42; Cat#156 R; RRID: 

AB_2941091

MPO – IMC Dako Cat#A0398; RRID:AB_2335676

Histone H3 – IMC CST Cat#4499BF; RRID:AB_10544537

SMA – IMC Thermo Fisher Cat#14–9760-82; RRID:AB_2572996

CD16 – IMC Abcam Cat#ab215977; RRID:AB_2877105

CD38 – IMC Abcam Cat#ab176886; RRID:AB_2864383

HLA-DR – IMC Abcam Cat#ab20181; RRID:AB_445401

CD27 – IMC R&D Systems Cat#AF382; RRID:AB_355338

CD15 – IMC BioLegend Cat#301902; RRID:AB_314194

CD45RA – IMC BioLegend Cat#304102; RRID:AB_314406

CD163 – IMC Thermo Fisher Cat#MA1-82342; RRID: AB_2275716

B2M – IMC CST Cat#47847

CD20 – IMC Thermo Fisher Cat#14–0202-82; RRID:AB_10734340

CD68 - IMC Thermo Fisher Cat#14–0688-82; RRID:AB_11151139

IDO1 – IMC Abcam Cat#ab245737; RRID:AB_2894840

CD3 –IMC Dako Cat#A0452; RRID:AB_2335677

LAG-3 – IMC CST Cat#25848; RRID:AB_2943248

CD11c – IMC CST Cat#45581BF; RRID:AB_2799286

PD1 – IMC CST Cat#86163; RRID:AB_2728833

PDGFRb – IMC Abcam Cat#ab215978; RRID:AB_2894841

CD7 – IMC Abcam Cat#ab230834; RRID:AB_2889384

GZMB – IMC CST Cat#79903; RRID:AB_3665532

PD-L1 – IMC Abcam Cat#ab226766; RRID:AB_3073663

TCF7 – IMC CST Cat#85942;RRID:AB_3675764

CD45RO – IMC BioLegend Cat#304202; RRID:AB_314418

FOXP3 – IMC Thermo Fisher Cat#14–4777-82; RRID:AB_467556

ICOS – IMC CST Cat#39740; RRID:AB_3676096

CD8a – IMC Thermo Fisher Cat#14–0085-82; RRID:AB_11150240

CAIX – IMC R&D Systems Cat#AF2188; RRID:AB_416562

(Continued on next page)
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

CD33 - IMC R&D Systems Cat#MAB11371; RRID:AB_2889385

Ki67 – IMC BD Biosciences Cat#556003; RRID:AB_396287

VISTA – IMC CST Cat#82119; RRID:AB_3683060

CD40 – IMC Abcam Cat#ab228818; RRID:AB_2889383

CD4 – IMC Abcam Cat#ab181724; RRID:AB_2864377

CD14 – IMC Abcam Cat#ab230903; RRID:AB_2889378

E-cadherin – IMC BD Biosciences Cat#610182; RRID:AB_397581

CD303 - IMC R&D Systems Cat#AF1376; RRID:AB_354762

CD206 – IMC R&D Systems Cat#MAB25341; RRID:AB_10890782

Cleaved PARP – IMC BD Biosciences Cat#552596; RRID:AB_394437

panCK-Alexa488 – IF-IMC-co-stain Thermo Fisher Cat#53–9003-82; RRID:AB_1834350

CD45-DyLight550 – IF-IMC-co-stain Novus Biologicals Cat#NBP2-34528 R; RRID:AB_3287685

CD163-Alexa647 – IF-IMC-co-stain Abcam Cat#Ab218294; RRID:AB_2943126

Discovery OmniMap anti-rabbit HRP Ventana Cat#760–4311

Discovery OmniMap anti-mouse HRP Ventana Cat#760–4310

PD-L1 - IHC Ventana Cat#740–4907; RRID:AB_3698154

CD73 - IHC Abcam Cat#ab124725; RRID:AB_10976033

Chemicals, peptides, and recombinant proteins

DAPI Akoya Cat#FP1490

Iridium intercalator Standard Biotools Cat#201192C

Antibody stabilizing solution Candor Biosciences Cat#130125

Critical commercial assays

Maxpar labeling kits Standard Biotools Cat#201300

AllPrep DNA/RNA FFPE Qiagen Cat#80234

KAPA RNA HyperPrep Kit with RiboErase 

(HMR)

Roche Cat#08098140702

SMART-Seq Stranded Takara Bio Cat#634444

Deposited data

EORTC-1553-SPECTA RNA and WES 

sequencing

This publication; European Genome-

Phenome archive

EGAS50000001587

EORTC-1553-SPECTA IMC and mIF This publication; Zenodo https://doi.org/10.5281/zenodo.21538432

SYNERGY RNA and WES sequencing This publication; European Genome-

Phenome archive

EGAS50000002010

SYNERGY IMC and mIF This publication; Zenodo https://doi.org/10.5281/zenodo.21538432

Code to reproduce the figures and analyses This publication; Zenodo https://doi.org/10.5281/zenodo21538432

SYNERGY scRNA-seq Metoikidou et al. 13 Cell Reports Medicine; 

European Genome-Phenome Archive

EGAD50000000748

NCT03206203 (TBCRC-043) RNA-seq Lehmann et al. 24 ; JAMA Oncology NCBI PRJNA995589

NCT03121352 RNA-seq Wilkerson et al. 23 Clinical Cancer Research NCBI PRJNA1010464

TONIC RNA-seq Voorwerk et al. 22 Nature Medicine EGAS00001003535

AURORA RNA-seq Breast International Group (BIG), Aftimos 

et al. 21 Cancer Discovery, 2021

https://aurora.bigagainstbreastcancer.org

Software and algorithms

Code to reproduce figures for this 

publication

This publication https://github.com/BCTL-Bordet/ 

IMMUcan-BC1/and https://doi.org/10. 

5281/zenodo.21538432

TNBC molecular subtyping Joaquı́n-Garcı́a et al. 2023 Clin. Cancer 

Res. 48

https://github.com/BCTL-Bordet/TNBC_

molecularsubtypes

VEGAN version 2.1.1 Paul-Antoine Nicolas https://github.com/bioinfo-pf-curie/vegan

https://doi.org/10.5281/zenodo.12167637

(Continued on next page)
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Ethics statement and patient population

This research complies with all relevant ethical regulations. The SYNERGY trial was approved by the following ethical committees/ 

authorities: Comité d’é thique hospitalo-facultaire Erasme-ULB and Federal Agency for medicines and health products (Belgium), and 

Comité de protection des personnes Ile de France and Agence nationale de sé curité du medicament et des produits de santé 

(France). The study design and conduct complied with all relevant regulations regarding the use of human study participants and 

was conducted in accordance with the criteria set by the Declaration of Helsinki. All patients signed written informed consent before 

inclusion. The SYNERGY trial was registered on ClinicalTrials.gov (https://clinicaltrials.gov/) (ID: NCT03616886).

For EORTC-SPECTA, all patients had provided written informed consent at the time of sample collection for molecular and cellular 

analysis. The IMMUcan project was approved by several ethical committees; see below for the main recruiting sites: Commissie voor 

Medische Ethiek ZNA, Belgium on 10/03/2021; Comite de protection des personnes ‘‘Nord-Ouest I ′′ , France on 02/12/2019; Ethik-

Kommission der Medizinischen Universitä t Wien, Austria on 15/04/2020; Cyprus National Bioethics Committee (CNBC), Cyprus on

29/06/2023; Comissã o de E ´ tica CHUPorto/ICBAS, Portugal on 03/11/2021; CES do IPO Porto, Portugal on 11/03/2021.

For patients enrolled in SYNERGY, selection criteria to be included in the advanced breast cancer cohort of IMMUcan were the 

following: i. Informed consent allowing for all aspects of the IMMUcan project; ii. All clinical information available before September 

2021; iii. Samples no older than 2 years, for quality reasons: FFPE tissue approved after quality check performed by the central

Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

STAR version 2.7.9a_2021–06-25 Alex Dobin https://github.com/alexdobin/STAR

R statistical software (v4.4.1) R Core Team https://www.r-project.org/

GATK (v4.2.4.1) Broad Institute https://gatk.broadinstitute.org/

Seurat (v5.1.0 for scRNA-seq integration 

and v5.3.0 for downstream analyses)

Hao et al. 49 ; Nature Biotechnology https://satijalab.org/seurat/

WGCNA (v1.72–5) Langfelder and Horvath. 26 ; BMC 

Bioinformatics

https://cran.r-project.org/src/contrib/

Archive/WGCNA/WGCNA_1.72-5.tar.gz

nichenetr (v2.2.1) Browaeys et al. 28 ; Nature Methods https://github.com/saeyslab/nichenetr

multinichenetr (v2.1.0) Browaeys et al. 28 ; BioRxiv https://github.com/saeyslab/multinichenetr

biomaRt (v2.60.0) Bioconductor https://bioconductor.org/packages/

biomaRt

gprofiler2 (v0.2.3) CRAN https://CRAN.R-project.org/

package=gprofiler2

survival (v3.7–0) CRAN https://CRAN.R-project.org/

package=survival

survminer (v0.5.0) CRAN https://CRAN.R-project.org/

package=survminer

sva (v3.52.0) Bioconductor https://bioconductor.org/packages/sva

GSVA (v1.52.3) Bioconductor https://bioconductor.org/packages/GSVA

Cellohood Mozejko et al. 30 ; BioRxiv https://github.com/marmarmarmar/

cellohood

GSEA GUI v4.1.0 The Broad Institute https://www.gsea-msigdb.org/gsea/

index.jsp

LiBiNorm v2.5 Dyer et al. 50 ; PeerJ https://github.com/NigelDyer/LiBiNorm

Salmon (v1.10.2 for IMMUcan; v1.10.1 for 

NCT03206203 and NCT03121352)

Patro et al., 2017, Nature Methods 51 https://github.com/COMBINE-lab/salmon

Trimmomatic (v0.39) Bolger et al. 52 ; Bioinformatics https://github.com/usadellab/Trimmomatic

IFQuant Eling et al. 29 ; Cell Reports Medicine https://github.com/BICC-UNIL-EPFL/

IFQuant

Steinbock toolkit (v0.14.1) Windhager et al. 53 ; Nature Protocols https://bodenmillergroup.github.io/

steinbock/latest/

imcRtools Windhager et al. 53 ; Nature Protocols https://www.bioconductor.org/packages/

release/bioc/html/imcRtools.html

ZEN software (v2.6) ZEISS https://www.zeiss.com/microscopy/fr/

produits/logiciel/zeiss-zen.html
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biobank (based on % of viable tumor area and cellularity, FFPE tissue consistent with the diagnostic) and quantity assessment 

(enough material to perform all molecular and cellular analysis); iii. Availability of whole blood; iv. No further sample collection was 

mandatory, but availability of paired samples (pre-post treatment) was a plus.

For patients enrolled in the EORTC-1553-SPECTA study, selection criteria to be included in the advanced breast cancer cohort of 

IMMUcan were the following: i. Age at enrollment: minimum 18 years old; ii. FFPE tissue approved after quality check performed by 

the central biobank (based on % of viable tumor area and cellularity, FFPE tissue consistent with the diagnostic) and quantity assess-

ment (enough material to perform all molecular and cellular analysis); iii. Availability of whole blood; iv. Written informed consent given 

according to ICH/GCP, and national/local regulations; v. Patient was eligible for the advanced breast cancer cohort, namely had 

confirmed locally advanced or metastatic TNBC, and were to be treated in first line with immune checkpoint inhibitors.

Tables S1 and S2 show the baseline characteristics of patients from the SYNERGY and the EORTC-1553-SPECTA study. Specif-

ically, median age was 57.5 and 52 years in the SYNERGY and in the EORTC-1553-SPECTA study, respectively. All patients were of 

female gender. Health and immune status was assessed by the local investigators and considered permissive for the patients to 

receive the oncological treatment. Details on previous treatments are provided in Table S1. All patients were treated in first-line 

setting and did not receive any prior treatment for metastatic disease.

METHOD DETAILS

Sample workflow and analysis

FFPE samples were sent to the Integrated BioBank of Luxembourg (IBBL). Upon arrival, IBBL assessed: i. quality: an H&E staining 

was performed for pathology review and assessment of tumor cellularity (based on % of viable tumor area and cellularity (a minimum 

of 20–30% cellularity was required), FFPE tissue consistent with the diagnostic); ii. quantity: Sufficient material had to be provided to 

allow molecular analyses (WES, RNA-seq) as well as cellular analyses (mIF, IMC). The required number of slides was adjusted to tis-

sue availability and tumor/stroma content. Based on tumor quality, especially percentage of tumor cells, IBBL was able to determine 

the adequate number of FFPE slides necessary for nucleic acid extraction.

If insufficient material was provided by the sites, or if the quality of the FFPE material was insufficient, the clinicians were asked for 

extra FFPE material. In case of unavailability, the patient was not included in the project.

Upon approval from EORTC (after eligibility check), IBBL cut the recommended number of 10 μm slides for molecular analyses and 

shipped them to CeGaT (Tubingen, Germany). Upon arrival (real time shipment), PaxDNA and PaxRNA tubes were placed at − 80 ◦ C. 

Upon approval from EORTC (after eligibility check), IBBL extracted gDNA from the PaxDNA tube, aliquotted it for shipment to the lab 

performing the molecular analysis, and stored the leftover gDNA at − 80 ◦ C. Upon arrival (real time shipment), all ACD tubes were pro-

cessed for PBMCs isolation, count and storage in liquid nitrogen (5 million cells per aliquot). Upon arrival (real time shipment), the 

STRECK tube was processed to plasma and store at − 80 ◦ C.

Fresh frozen tissue, serum, and plasma were shipped on dry ice, by batch, yearly. Upon arrival, IBBL stored all samples at − 80 ◦ C.

Molecular sequencing

FFPE slides and associated gDNA were shipped weekly to CeGat, for molecular analysis. For each set of slides, IBBL also 

shared the H&E image with CeGat, using Calopix. The tissue slides were marked for macrodissection. CeGaT performed manual 

macrodissection, after confirmation that the blank slides corresponded to the H&E slides shared by IBBL, using Calopix. After 

macrodissection, CeGaT extracted DNA and RNA, using the kit AllPrep DNA/RNA FFPE (Qiagen). RNA quality and quantity were 

assessed using Qubit RNA (Thermo Fischer) and Bioanalyzer RNA (Agilent) and DNA quality and quantity were assessed using 

Qubit dsDNA BR or HS (Thermo Fischer). For WES, CeGaT used for library preparation SureSelect Human All Exon V7 (Agilent) 

for enrichment and sequence 2 × 100 bp, on the NovaSeq6000 with expected output of 18Gb for tumor samples and 10Gb for 

normal samples. For exome sequencing of gDNA from peripheral blood specimen, prepared by IBBL, CeGaT required ≥1 μg 

high-molecular weight DNA with a concentration ≥50 ng/μL and at least 20 μL total volume. For exome sequencing of DNA ex-

tracted from FFPE tissue, prepared by CeGaT, CeGat required ≥250 ng high-molecular weight DNA with a concentration

≥25 ng/μL and at least 20 μL total volume. In case of low DNA input, a low input protocol for which 50 to 100 ng DNA at con-

centrations as low as 2 ng/μL could be used. For RNAseq, CeGaT used 500 ng of RNA with a concentration ≥50 ng/μL in a 

volume of 10 μL and a RIN above 3.

CeGaT used KAPA RNA Hyper Prep (Roche) or SMART-Seq Stranded (Takara Bio) for the library preparation and sequencing on 

the NovaSeq6000, at 2 × 100 bp, at a depth of 100 Mio paired end reads. In case of lower RNA input (≥25 ng) or poor RNA quality (RIN

≥2), CeGaT generated 50 Mio paired end reads. QC data were shared with EORTC and SIB, while raw data were shared with SIB for 

storage, archival and bioinformatics processing. Left over samples were stored temporarily at CeGaT prior to batch shipment to IBBL 

for long-term storage.

Bulk RNA-seq

For BC1, reads were aligned to the reference human genome GRCh38 using STAR with default parameters (v2.7.9a_2021–06-25) 54 

and GENCODE comprehensive gene annotations (release 29). The number of read counts per gene locus was summarized with 

LiBiNorm v2.5 50
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A custom R script was developed to assess RNA sample quality based on five metrics: DV200, percentage of unique reads, per-

centage of mapped reads, mean gene expression level, and the number of detected genes. Samples not meeting the predefined 

threshold for at least two of these metrics were deemed to fail quality control and were excluded from subsequent analyses 

(DV200 > 30%, unique reads >30%, mapped reads >60%, mean gene expression level between 2 and 3 CPM, number of detected 

genes between 14,000 and 20,000).

Transcript abundance was quantified as transcripts per million (TPM) using Salmon (v1.10.2), implemented within the nf-neoant 

Nextflow pipeline developed by Institut Curie (https://github.com/bioinfo-pf-curie/nf-neoant). The same genome annotation files 

used for STAR alignment were employed for transcript quantification to ensure consistency.

For SYNERGY, 81 baseline and 21 on-treatment high-quality RNA-seq samples were retained for downstream analysis. For 

SPECTA, 36 high-quality samples were available (33 baseline samples and 3 on-treatment); 17 patients were retained based on hav-

ing received first line immunotherapy and samples being collected prior to treatment initiation. Transcript-level expression data were 

provided as TPM values, and ENSEMBL transcript IDs were annotated with GSEA GUI v4.1.0 (https://www.gsea-msigdb.org/gsea/ 

index.jsp) using the GENCODE v29 gene annotation, and genes with multiple values were collapsed using sum of read counts. For 

SYNERGY, genes with a median expression of 0 were removed.

For the differential expression analysis on paired baseline and week 2 on-treatment RNA-seq samples of SYNERGY, only genes 

were retained that were present in both baseline and on-treatment gene expression tables. After log-transformation, a two-sided Wil-

coxon signed-rank test was performed on paired baseline and week 2 RNA-seq samples. For the volcano plot, genes were consid-

ered significantly differentially expressed if they had a log2 fold-change (log2fc) in expression greater than 0.25 and a nominal 

p-value <0.05.

The SCAN-B dataset was described previously. 25 The SCAN-B dataset v3 was retrieved from https://data.mendeley.com/ 

datasets/yzxtxn4nmd/3 where it is stored as ‘‘/Root/StringTie FPKM Gene Data LibProtocol adjusted/SCANB.9206.genematrix_no-

Neg.Rdata’’. Its meta data is stored in ‘‘Root/Supplemental Data Table/Supplementary Data Table 1–2023–01-13.xlsx’’. Only TNBC 

samples with well annotated clinico-pathological features and survival data were retained. Ensembl gene identifiers were mapped to 

gene symbols using the biomaRt package in R (biomaRt_2.60.0). For Ensembl gene identifiers mapping to multiple gene symbols, 

only the one with the highest mean across samples was retained.

AURORA RNA sequencing was performed as described previously. 21 Transcript-level TPM values were retrieved from the 

AURORA data repository and only metastatic TNBC samples were retained. Transcript-level expression was collapsed to gene-level 

by summing TPM values across all transcripts mapping to the same gene symbol, using the Human Ensembl Transcript ID MSigDB 

chip file (v2024.1).

RNA-seq of TBCRC-043 (NCT03206203) and NCT03121352 were described by Lehmann et al. 24 and Wilkerson et al., 23 respectively. 

Raw sequencing .fastq files were retrieved from NCBI repository (bioproject PRJNA995589 and PRJNA1010464, respectively). Adapter 

trimming was performed with Trimmomatic (v0.39) 52 in paired-end mode using TruSeq3-PE adapters (settings: LEADING:3, TRAILING:3, 

MINLEN:30). Trimmed reads were quantified at transcript level using Salmon (v1.10.1) against a GRCh38 transcriptome reference based 

on GENCODE release 46, with GC bias and sequence bias correction enabled (–gcBias –seqBias). Ensembl version suffixes were 

removed, and transcript-level expression was collapsed to gene-level by summing TPM values per gene symbol using the Human En-

sembl Transcript ID MSigDB chip file (v2024.1). For TBCRC-043 (NCT03206203), gene expression was log-transformed and batch 

correction between FFPE and fresh-frozen samples was performed with ComBat (SVA R package), with parametric empirical Bayes

priors.

Bulk RNAseq data for the TONIC trial were generated and processed as previously described. 22

Risk signature generation and risk-stratification

A predictive transcriptomic signature was generated from the SYNERGY cohort as described previously. 15,16 Briefly, for every gene a 

‘cox score’ was calculated that quantifies the correlation of gene expression with time-to-disease progression (PFS events). Positive 

Cox scores correlate with disease progression and are thus high-risk genes, while negative Cox scores are correlated with progres-

sion-free survival, and are low-risk genes. p values for each gene were calculated using a random permutation test with 1000 per-

mutations. The mean and standard deviations of the Cox scores in the permutations were subsequently used to standardize the Cox 

scores in the leave-one-sample-out cross validation to avoid a gene receiving a high Cox score due to an outlier measurement in a 

single sample. In each leave-one-out iteration, the Cox score was recalculated. Only genes with p < 0.05 in each iteration were re-

tained in the signature.

Prediction of clinical outcome was performed with the Nearest Template Prediction (NTP) algorithm 18 using cosine similarity as a 

metric, and the Cox scores calculated for the gene signature as weights. For each sample, the cosine similarity to the risk signature 

template was used as the signature risk score, with positive cosine similarity classified as better outcome and negative cosine sim-

ilarity as worse outcome. For large cohorts with sufficient sample size (SYNERGY, AURORA, TBCRC-043, TONIC), NTP was applied 

independently within each cohort. For TONIC, an additional three-class stratification was applied, 16 in which samples with low pre-

diction confidence (permutation test p > 0.05) were assigned to an intermediate class. For smaller cohorts, cohort-specific strategies 

were applied. SPECTA was collected within the BC1 study using the same RNA sequencing technology and platform as SYNERGY; 

risk stratification was therefore performed as previously described, 55 whereby each sample was added individually to the SYNERGY 

reference dataset prior to NTP classification. The Wilkerson cohort (NCT03121352; baseline n = 15) was generated on a distinct
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sequencing platform. Here, samples were concatenated with the SYNERGY baseline dataset, batch effects were corrected using 

ComBat, and NTP was subsequently applied to the combined dataset. p-values for Kaplan Meier curves were calculated using 

two-sided log rank test. p-values for univariate cox regression of the signature risk score (i.e., the signed cosine similarity) were calcu-

lated using two-sided Wald test.

Gene ontology enrichment

Gene-ontology over-representation analysis was carried out with the gprofiler2 R package, using the full set of expressed genes as 

the custom background and applying the Benjamini–Hochberg FDR correction.

Molecular subtypes

Molecular subtypes 8 calculation was performed as described previously 48 (https://github.com/BCTL-Bordet/TNBC_ 

molecularsubtypes). p-values for Kaplan Meier curves were calculated using log rank test. Log-transformed RNA-seq matrices 

from the SYNERGY baseline samples and the SCAN-B dataset were concatenated and only genes shared in the two datasets 

were retained. Batch correction was performed with ComBat using the sva package. Next, only genes that define the molecular 

subtypes were retained. Subsequently, the top 1000 most variable genes were selected based on variance across all samples 

and a UMAP embedding was generated using the uwot package.

GSEA

Gene Set Enrichment Analysis (GSEA) was performed using the GSEA software (GUI v4.1.0) with the Hallmark gene set collection 

(h.all.v2024.1.Hs.symbols.gmt) from the Molecular Signatures Database (www.gsea-msigdb.org). Log2 ratio was used as metric, 

with 1000 permutations. All results have a corrected Kolmogorov-Smirnov test FDR<0.05. Hallmark ‘spermatogenesis’ and 

‘pancreas beta cells’ were omitted because not considered relevant.

WGCNA gene expression modules

To identify modules of co-expressed genes, the Weighted Gene Co-expression Network Analysis (WGCNA) package 26 was 

applied in R and visualized as previously described. 56 In short, after log-transforming gene expression, power 12 was selected 

based on scale-free topology model fit and gene modules were calculated using the blockwiseModules() function from the 

gene expression data with signed topological overlap matrix (TOM), a minimum module size of 30 genes, and a merge cut height 

of 0.15. Module eigengenes, which quantify the gene expression of the modules in each sample, were calculated using the mod-

uleEigengenes() function. For visualizing the modules as a network of co-expressed genes from RNA-seq expression data, the 

TOM was computed using the TOM similarityFromExpr() function with Pearson correlation. The resulting TOM was filtered using 

a threshold of 0.05 to retain only strong gene-gene connections. To build an edge list, the TOM was first binarized into an adja-

cency matrix, where values above the threshold were set to 1. The lower triangle and diagonal were removed to avoid redundancy 

and self-loops. The unassigned ‘gray’ module (M0) was removed. This filtered adjacency matrix was then converted into an edge 

list representing gene-gene interactions. Subgraphs corresponding to individual modules were created with the igraph package, 

and grouped into supermodules based on module eigengene correlation. The node coordinates were computed using the 

Kamada-Kawai layout with jitter and positional offsets for multi-module visualization. Finally, these coordinates were then used 

to plot the network using the ggplot2 R package. GO enrichment analysis was performed on the module genes using the hyper-

geometric test using the gprofiler2 R package.

Associations between module eigengenes and patient features consists of three parts. (1) Continuous features were tested using 

two-sided Spearman correlation test, (2) binary traits were tested using two-sided Wilcoxon rank-sum tests, and for both, p-values 

were Benjamini-Hochberg FDR adjusted. (3) Module eigengene associations with OS and PFS were assessed by univariate Cox pro-

portional hazards model, using log-hazard ratios to show effect direction and two-sided likelihood-ratio tests for significance.

Ternary plot

For the baseline ternary plot, gene expression was log-transformed and GSVA scores were calculated for three gene sets: ‘allograft 

rejection’ and ‘angiogenesis’ from the hallmark gene set collection, and a ‘cell cycling’ that was extracted from Seurat v5.1.0 pack-

age’s built-in cc.genes object. GSVA scores were calculated using the GSVA package in R using kcdf = ‘‘Gaussian’’, and subse-

quently min–max scaled to the [0,1] interval, and then normalized so that each sample’s scaled scores summed to one. The ternary 

diagram was made with the ggtern package.

For the ‘week 2 and baseline’ ternary plot, three single-cell dataset derived gene sets were used that were described above: ‘cycling 

epithelial’, ‘fibroblasts’, and macrophages [‘mac MARCO’ & ‘mac FOLR2’]. Scaled and normalized GSVA scores were scaled and 

normalized as described above. Each component was plotted separately for each patient with an arrow connecting baseline and 

week 2. A summary arrow depicts the average of the samples. p-values were calculated using two-sided Wilcoxon signed-rank test.

scRNA-seq

The original SYNERGY single-cell Seurat object was described previously 13 and processed using the Seurat toolbox v5.1.0 49 as 

follows. Raw RNA unique molecular identifiers (UMI) counts were extracted from all cells for a total of 76,079 high-quality cells. For
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integration, samples were merged into a single object and log-normalized using NormalizeData(). Highly variable features were 

identified using FindVariableFeatures() function with 2000 variable features, followed by data scaling using ScaleData() and and 

dimensionality reduction using runPCA(). Harmony batch correction 57 across samples was performed using the RunHarmony(). 

UMAP embedding was computed from the Harmony-reduced dimensions using RunUMAP() on the first 30 dimensions. To define 

cell clusters, a shared nearest neighbor graph was computed using the FindNeighbors() function using the firest 30 dimensions, 

followed by clustering via FindClusters() with a resolution of 1.0. Resulting clusters were annotated based on canonical marker 

gene expression. The myeloid/granulocyte compartment was computationally isolated, and re-integrated as described above 

but with 500 variable features, and using the first 10 dimensions for the RunUMAP() and FindNeighbors() function, and FindClus-

ters() resolution of 0.3. Myeloid/granulocyte celltypes were annotated according to canonical marker expression. A conventional 

dendritic cell cluster was computationally isolated, re-clustered using FindClusters() with a resolution of 0.2, and annotated as 

either cDC1 or cDC2 according to their canonical marker gene expression. Finally, doublet clusters displaying canonical markers 

of more than one celltype were removed, and a cluster of low-quality myeloid cells (relatively low library sizes with low number of 

genes detected).

Markers for the cell clusters ‘cycling epithelial’, ‘fibroblasts’, and macrophages (‘mac MARCO’ & ‘mac FOLR2’) were calculated 

from the integrated object using Seurat FindMarkers() with min.pct = 0.5, logfc.threshold = 0.25, after which the top 100 genes 

were ranked by average log 2 fold-change, and the top 10 were retained. Marker genes included for macrophages: C1QB, C1QC, 

C1QA, SLCO2B1, MSR1, TREM2, VSIG4, CD163, SIGLEC1, APOC1. Fibroblast: SFRP4, WISP2, SFRP2, LUM, HTRA3, DPT, 

DCN, ASPN, CTSK, COL1A1. Cycling epithelial: CDC20, CCNB2, UBE2C, TOP2A, KIFC1, MKI67, NUSAP1, TPX2, CCNB1, BIRC5.

Differentially expressed genes from bulk RNA-seq analyses were grouped into gene sets and projected on the single cell land-

scape by calculating module scores for each gene set using the Seurat AddModuleScore() function, after which values were min– 

max scaled to the [0,1] interval.

For the MultiNicheNet analysis the nichenetr v2.2.1 and multinichenetr v2.1.0 packages in R were used. Only samples at baseline 

and week 2 and were retained for comparing baseline and on-treatment changes. Only samples at baseline with available transcrip-

tomic risk classification were retained for comparing better versus worse outcome. The scRNA-seq Seurat object was transformed to 

a SingleCellExperiment object using the SingleCellExperiment package. NicheNet’s ligand-receptor network and ligand-target ma-

trix were downloaded from Zenodo (https://zenodo.org/record/10229222/files/lr_network_human_allInfo_30112033.rds and https:// 

zenodo.org/record/7074291/files/ligand_target_matrix_nsga2r_final.rds). Celltypes with less than 10 cells were ignored after using 

the get_abundance_info() with min_cells = 10 to identify low abundance celltypes across conditions. We then filtered genes by min-

imum expression fraction using get_frac_exprs() using min_sample_prop = 0.50 and fraction_cutoff = 0.05. I.e., for each gene, we 

required nonzero counts in at least 5% of cells of a given cell type and expression in at least half of the samples for that cell type. 

Genes meeting these criteria in at least one cell type were retained for pseudobulk and differential expression analyses. Per-sample 

pseudobulk expression matrices were generated for each expressed gene in each retained cell type using process_abundance_ 

expression_info(). Pseudobulk differential expression (DE) for each cell type and contrast was performed using get_DE_info(). The 

function combine_sender_receiver_de() produced a unified table of all possible sender–receiver pairs annotated with corresponding 

DE statistics. Ligand activities were evaluated in each receiver cell type with get_ligand_activities_targets_DEgenes() using logFC_ 

threshold = 0.5 and pval_threshold = 0.05. Prioritization of communication patterns was performed with generate_prioritization_ 

tables(), and ligand–receptor–target correlation analysis was computed using lr_target_prior_cor_inference(). All outputs were 

collected into a single list object, and a ‘lite’ output was made using make_lite_output() to facilitates downstream visualization. Finally, 

the top 50 ligand–receptor pairs by combined prioritization score were extracted using get_top_n_lr_pairs(). These interactions were 

visualized as side-by-side circos diagrams per condition using make_circos_group_comparison().

Whole-exome sequencing

Whole-exome sequencing (WES) data were processed using the Nextflow VEGAN pipeline (v2.1.1) (https://github.com/bioinfo-pf-

curie/vegan). Sequencing reads were aligned to the human reference genome (hg38) with BWA-MEM, and only reads mapping to 

targeted exome regions with a minimum mapping quality score of 20 were retained. Duplicate reads were identified and removed 

using the Picard MarkDuplicates tool. Somatic variant calling was performed on matched tumor–normal pairs following the GATK 

best practices workflow, employing Mutect2. WES of paired blood samples were used as a reference. Variant annotation was con-

ducted with snpEff. For downstream analyses, we included only somatic, coding, non-synonymous variants with a variant allele fre-

quency (VAF) greater than 5% and a sequencing depth of at least 20×. Variants present as common polymorphisms in the gnomAD 

and 1000 Genomes Project databases were excluded. After variant filtering, 79 samples had at least one somatic coding mutation 

retained for downstream analyses.

Fisher’s exact test (two-sided) was used to assess, for each driver gene, whether mutation status (mutation present or absent) 

differed between the better and worse prognosis groups. Univariate Cox proportional hazards regression was performed to evaluate 

the association between driver gene mutation status and progression-free survival (PFS). Hazard ratios (HRs) with 95% confidence 

intervals (CIs) are shown with p-values indicating two-sided Wald test.

Mutations in PI3K pathway genes (i.e., PIK3CA, PIK3R1, PIK3C2B, PIK3CG, PTEN, MTOR, RICTOR, AKT1) were analyzed as fol-

lows. Samples were classified as mutated if at least one gene in the pathway was altered. Fisher’s exact test (two-sided) was used to 

compare the prevalence of PI3K pathway mutations between tumors with better and worse prognostic outcomes.
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Tumor mutational burden (TMB) was calculated as part of the Vegan pipeline (see above). Cox proportional hazards regression was 

performed to evaluate the association between TMB and PFS. Hazard ratios (HRs) with 95% confidence intervals (CIs) are shown 

with p-values indicating two-sided Wald test.

Slide preparation

Slide preparation was centralized at IBBL and stored at − 20C. Quarterly shipment on dry ice were organized toward the 2 central 

labs: CHUV (Lausanne, Switzerland) and UoZ (Zurich, Switzerland). All samples were stored short-term at − 80C in the central 

labs until analysis. For samples that generated at least 10 slides of 3 microns, the FFPE block was serially cut with the 1st slide 

used for the first mIF panel (CHUV). Slides 2 was incubated with the IMC panel (UoZ) for deep characterization. The third slide 

was kept for an additional IMC panel not reported here. On slides 4 and 5, the last 2 mIF panels were performed (CHUV). For samples 

with limited tissue availability (e.g., biopsies), one slide was used to perform the mIF population panels and 2 slides for the IMC 

panels.

Spectral IF

7-plex IF panels were run using the multiplex Ventana autostainer (Roche) followed by multispectral imaging using the Vetra Polaris 

(PerkinElmer) as previously described. 29 The Following 3 panels were selected and validated for this project: mIF panel 1: CD11c, 

CD15, CD163, CD20, CD3, pan-Cytokeratin, DAPI; mIF panel 2: CD8, Granzyme-B, PD-1, PD-L1, Ki67, pan-Cytokeratin, DAPI; 

mIF panel 3: CD3, CD8, FoxP3, CD4, CD56, pan-Cytokeratin, DAPI. Briefly, staining comprised automated deparaffinization and an-

tigen retrieval, endogenous peroxidase blocking, sequential primary-antibody incubation, detection with species-specific HRP-con-

jugated secondary reagents, Opal fluorophore deposition, and heat-mediated antibody removal between staining cycles. The mIF 

stained slides were scanned using the PhenoImager HT (Akoya Biosciences) with the MOTiF TM mode, allowing whole slide multi-

spectral image acquisition. The scanner outputs a multi-channel 8-bit image in QPTIFF format.

mIF cell segmentation and annotation is described previously. 29 Briefly, analysis is performed with the IFQuant software (Multi-

modal image analysis for large scale cancer tissue studies within IMMUcan developed for the IMMUcan project). 29 It provides an 

integrated web interface to facilitate manual analysis steps. It uses free-hand drawing tool to assign manual annotation masks to 

the images to either filter unwanted regions (e.g., out of focus, bad tissue quality) or label specific tissue regions (e.g., tumor, necrosis, 

healthy tissue, adipose tissue). Nuclear segmentation is performed automatically based on the DAPI signal and single cells are 

defined based on an expansion of the nuclear mask. Tumor islets segmentation is automatically done based on pan-Cytokeratin 

markers. Finally, IFQuant web interface is used to refine automatically set thresholds for each marker to extract positive and negative 

cells which can simultaneously be visually inspected for quality control. A CSV file is generated for each image containing a row for 

each cell with the summary intensity of each marker, positivity for each marker, the area of the cell, localization of the cell (tumor, 

stroma, or TLS), the region of interest (Tumor, next-to-tumor, necrosis, fat) and its X and Y coordinates. Next, cells are labeled based 

on phenotypes of marker expression as previously described. 29 ‘BnT’ are cells positive for CD20 and CD3. From these data, densities 

(cells per mm 2 ) for each cell type or phenotype are calculated.

Based on the density values at baseline, univariate Cox proportional hazards regression models were applied for survival analyses 

(PFS and OS) to estimate hazard ratios (HRs) with 95% confidence intervals (CIs). Cell types with zero density in more than 20% of 

samples were excluded, as well as CD8 + CD56 + and CD8 + CD56 + FOXP3 + populations because of their ambiguous phenotypes or 

potential marker spillover. In addition, univariate logistic regression models were fitted using the binary prognosis defined by the 

risk signature stratification, yielding odds ratios (ORs) with 95% Wald confidence intervals. All predictors were z-scored prior to 

modeling, so HRs and odds ratios (ORs) represent the relative change in risk or odds per one standard deviation increase in the cor-

responding cell-type density. Reported p-values correspond to two-sided Wald tests without correction for multiple comparisons.

Imaging mass cytometry (IMC)

IMC data was generated standardized within the IMMUcan project as described in detail. 29 Antibody conjugation was performed 

following the manufacturer’s protocol using the MaxPar labeling kits (Standard Biotools). Conjugated antibodies were stored at 

500 μm/mL in tris-based antibody stabilizing solution (Candor Biosciences) at 4 ◦ C. For staining, ready-to-use antibody mixes for 

IMC were prepared in in TBS with 3% BSA and 0.1% Tween, aliquoted and stored at − 80 ◦ C.

This study only utilized IMC panel 1 from IMMUcan, comprising the following markers as described previously 29 : MPO, H3, SMA, 

CD16, CD38, HLA-DR, CD27, CD15, CD45RA, CD163, B2M, CD20, CD68, IDO1, CD3, LAG3, CD11c, PD1, PDGFRβ, CD7, Gran-

zyme B (GB), PD-L1, TCF7, CD45RO, FOXP3, ICOS, CD8a, CAIX, CD33, Ki67, VISTA, CD40, CD4, CD14, E-Cadherin (ECad), 

CD303, CD206, Cleaved PARP, DNA1, DNA2. FFPE slides were processed in batches of 19 slides. Each batch was removed 

from − 80 ◦ C, equilibrated to room temperature, deparaffinized, rehydrated and stored in TBS (pH 7.6). After blocking (TBS, 3% 

BSA, 0.1% Tween), antibody mix aliquots were thawed, supplemented with fluorescent-labeled antibodies for region selection 

(pan Cytokeratin, CD45 and CD163) and slides stained at 4 ◦ C over night. Slides were washed with TBS, nuclear staining performed 

with Iridium intercalator (1 μM) and Hoechst solution (2 μg/mL), washed again, dipped into ddH2O and dried under air flow.

Dried slides were scanned within 48 h after staining with a Zeiss AxioScan with 10× magnification and filters for DAPI, 488, 555 and 

647 using the ZEN software. Subsequently, Panoramas were generated for each batch of slides using a robotic slides loader for Hy-

perion+ (Standard BioTools) with customized software (Eling et al., 2025). The czi files from the slide scanner and the Panoramas

Cell Reports Medicine 7, 103080, October 20, 2026 e8

Article 
ll

OPEN ACCESS



(MCD files) were aligned using a custom napari plugin. After landmark-based alignment, three regions of interest (ROIs) - containing 

30–70% of tumor cells together with immune and stromal cells - were selected for a total of ∼1 mm 2 . Additionally, if CD20 dense 

regions were visible – potentially tertiary lymphoid structures – a fourth ROI was selected. Acquisitions were performed on a Hype-

rion+ system in batch mode using a robotic slides loader with 400 Hz and 4 dB ablation energy.

MCD files from IMC were processed using the steinbock toolkit (v0.14.1) 53 First, TIFF files were generated and hot pixel filtered. 

Segmentation was performed using the Mesmer 58 implementation within steinbock. Histone H3 and Iridium were used for nuclei 

detection and E-cadherin, CD3, CD8, CD20, CD163, were used as markers for cellular boundaries. Cellular interactions were quan-

tified as cells that touch after a cell boundary expansion of 4 μm. Finally, the mean marker intensities, cellular area, centroid, major 

and minor axis length and eccentricity were calculated per cell. One CSV file per image containing the mean pixel intensities, one CSV 

per image containing the cellular information and one CSV per image containing the neighboring cell information were exported.

IMC downstream processing

Cell typing was performed as described in Eling et al., 2025. Briefly, manually gated cells were used to train a random forest classifier. 

The pre-trained classifier was used to predict cell types based on marker expression. Cells with a maximum probability of less than 

30% for any cell type were labeled as ‘‘unknown’’. Cells co-expressing CD3 and CD20 were classified as ‘BnT’ cells, representing B 

cells that sit in close spatial proximity to T cells. HLA-DR + cells lacking canonical lineage markers (CD20, CD11c, CD163) were group-

ed into an HLADR + category to capture unresolved antigen-presenting cell populations. Classified cell types were manually quality 

controlled. For this, images of each cell type were prepared outlining the mask on top of relevant markers for the respective cell type. 

Warning messages were generated when the classification appeared incorrect. Extra images acquired on TLS – if present – were 

excluded from the primary analysis. Furthermore, images containing less than 10% tumor cells or less than 500 cells were excluded 

from the analysis. Cell type densities per patient were calculated by summing up individual cell type counts across all images and

dividing them by the total acquired area of that patient in mm 2 .

For IMC-derived cell densities (cells per mm 2 ) at baseline, univariate Cox proportional hazards models were applied for PFS and 

OS to estimate HRs with 95% confidence intervals. Univariate logistic regression models were fitted using the binary prognosis 

defined by risk-signature stratification, yielding ORs with 95% confidence intervals. All predictors were z-scored prior to modeling, 

so HRs and ORs represent the change in risk or odds per one standard deviation increase in the corresponding cell-type density. 

Reported p-values correspond to two-sided Wald tests without correction for multiple comparisons.

Cellohood

We trained a standard Cellohood model on all IMC samples from SYNERGY, using cell bags with a radius of 25 μm. This model 

yielded cell-level, neighborhood-enriched representations, which we clustered into 27 groups. For each cluster, we calculated the 

proportion of cell types assigned to it, as well as the average marker expression per cell type (restricted to clusters in which the given 

cell type exceeded 5% of the composition).

For the differential analyses (volcano plots) comparing better versus worse prognosis, and week 2 versus baseline, we used log1p-

transformed counts. Clusters were considered differential if the absolute log2 fold change exceeded 2 and the false discovery rate 

(FDR; Benjamini-Hochberg correction) adjusted q-value (derived from a two-sided t test) was below 0.01.

Immunohistochemistry

Immunohistochemistry assessment of PD-L1 (VENTANA SP263 assay) and CD73 (Abcam EPR6115 clone, ab124725, 1:250 dilution) 

was described previously. 12

TILs scoring

Tumor-infiltrating lymphocytes (TILs) were assessed on H&E slides from the SYNERGY trial as previously described. 12

QUANTIFICATION AND STATISTICAL ANALYSIS

All analyses and visualizations were performed using R statistical computing software v4.4.1. Descriptions of each statistical test are 

given in the figure legends and relevant Method details. FDR indicates Benjamini-Hochberg corrected p-values. Sample sizes are 

indicated by (n = ). Cox regression and logistic regression results are reported as point estimates (hazard ratio [HR] or odds ratio 

[OR]) with 95% confidence intervals, shown as whiskers in forest-style plots. Boxplots show the median (center line) and interquartile 

range (IQR, box), with whiskers extending to 1.5× the IQR. In the module score violin plots, red dashed lines indicate the 10 th and 90 th 

percentiles of all module scores, and yellow lines indicate median of celltype module scores.

ADDITIONAL RESOURCES

The SYNERGY trial was registered on ClinicalTrials.gov (https://clinicaltrials.gov/) under ID: NCT03616886. The EORTC-1553-

SPECTA initiative under ID: NCT02834884. Wilkerson et al. under ID: NCT03121352. TBCRC-043 under ID: NCT03206203. TONIC 

under ID: NCT02499367. AURORA under ID: NCT02102165 and EORTC ID: EORTC-1408-BCG.
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