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Ling Wang,4,5 Marion Espenel,6 Benoit Albaud,6 Delphine Loirat,7 Xiaoxiao Wang,8 Christos Sotiriou,8 Philippe Aftimos,8

Kevin Punie,9,10 Hans Wildiers,9,10 Viktorija Labroska,11,12 Ming-Wei Wang,11,12 Joshua J. Waterfall,13,14

Martine Piccart-Gebhart,8 Thierry Mora,3 Aleksandra Walczak,3 Olivier Lantz,1,15,16 Laurence Buisseret,8

Diether Lambrechts,4,5,17 Sebastian Amigorena,1,17 and Emanuela Romano1,7,17,18,*
1Institut Curie, PSL University, Inserm U932, Immunity and Cancer, 75005 Paris, France
2Division of Molecular Oncology and Immunology, The Netherlands Cancer Institute, Amsterdam, the Netherlands
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Paris Cité, 75005 Paris, France
4Laboratory for Translational Genetics, Department of Human Genetics, KU Leuven, Leuven, Belgium
5VIB Center for Cancer Biology, Leuven, Belgium
6Institut Curie Genomics of Excellence (ICGex) Platform, Institut Curie, 75005 Paris, France
7Department of Medical Oncology, Center for Cancer Immunotherapy, Institut Curie, Paris, France
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SUMMARY
Chemotherapy combined with immune checkpoint blockade has shown clinical activity in breast cancer.
Response, however, occurs in only a low proportion of patients. How the immune landscape of the tumor de-
termines the immune and clinical responses to chemoimmunotherapy is not well understood. Here, using a
combination of single-cell RNA sequencing (scRNA-seq) and single-cell T cell receptor sequencing (scTCR-
seq), we profile 40 biopsies from 27 patients with metastatic triple-negative breast cancer (TNBC), receiving
chemotherapy and anti-PD-L1 alone or in combination with anti-CD73, in a phase 2 randomized clinical trial.
Our results show an enrichment of late-dysfunctional, clonally expanded CD8+ T cells in responder
(R) patients. On treatment, R display an influx of newly emerging clonotypes, as well as expansion of the
CD8+ precursors. Collectively, our data suggest that baseline clonal expansion could be a potential predictor
of response and that both clonal reinvigoration of pre-existing tumor-reactive T cells and clonal replacement
on-treatment are important for a protective response to chemoimmunotherapy.
INTRODUCTION

Breast cancer (BC) is the second cause of cancer death in

women, worldwide.1 Triple-negative BC (TNBC) represents

10%–15% of all BC cases, and it is highly heterogeneous and

aggressive with rather poor prognosis.2 Chemotherapy, radia-

tion, and surgery have long been the primary treatments for

TNBC, but recent advances have introduced novel therapies,

including PARP inhibitors3 and antibody-drug conjugates.4,5
Cell Reports Medicine 6, 101973, M
This is an open access article under the CC BY-NC-ND
TNBC ismore enriched in tumor-infiltrating lymphocytes (TILs)

compared to hormone-receptor-positive BC tumors, suggesting

that patients with TNBC could benefit from immune checkpoint

blockade (ICB).6 Recent studies show promising results for

aPD-1/PD-L1 as monotherapy or in combination with chemo-

therapy, in improving progression-free survival and overall sur-

vival (OS) rates.7 In patients with PD-L1+ metastatic TNBC, the

PD-L1 blocking antibody pembrolizumab, combined with nab-

paclitaxel, improves patients’ OS rate.8 To further improve the
arch 18, 2025 ª 2025 The Authors. Published by Elsevier Inc. 1
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clinical outcomes, novel immunotherapy targets are being

explored.

CD73, an ecto-50-nucleotidase involved in adenosine (ADO)

metabolism, has emerged as a potential therapeutic target.9

Elevated ADO levels in the hypoxic tumor microenvironment

(TME) activate the A2A receptor on T cells, suppressing immune

functions.10–12 CD73 is upregulated in solid tumors, such as

ovarian cancer and BC,13 with recent findings showing that

CD73 is involved in cellular adhesion and angiogenesis, support-

ing metastasis and cancer progression.14 Particularly in TNBC,

recent studies have highlighted the role of CD73 in resistance

to chemotherapy and poor prognosis.15,16 In combination with

PD-1/PD-L1 blockade, anti-CD73 therapy has shown promise

in other cancer types, such as EGFR-mutant non-small cell

lung cancer, by enhancing anti-tumor immune responses.17

Thus, blocking CD73 in combination with PD-1/PD-L1 blockade

is considered a rational therapeutic approach.

CD8+ T cell infiltration in tumors is generally linked to better

clinical outcomes,18 but these cells are highly heterogeneous.

Recent advances in single-cell transcriptomics have revealed

distinct states, including memory-like precursors (showing

increased expression of markers such as TCF1 and IL7R) and

late-dysfunctional CD8+ T cells (showing increased expression

of markers such as TOX, PDCD1, HAVCR2, LAG3, and

ENTPD1) in human tumors.19–21 How these states are associ-

ated with response to treatment is a central, open question.

Recent studies in melanoma showed that memory precursor

CD8+ T cells are critical for tumor control in response to

ICB.22,23 On the other hand, in non-small cell lung cancer, tis-

sue-resident CD8+ T cells expressing exhaustion markers

(HAVCR2/TIM3, PDCD1/PD-1, and ENTPD1/CD39) correlate

with improved disease prognosis,24 highlighting the tumor-reac-

tive properties of this subset. Similar findings in early-stage BC25

suggest that the presence of tissue-resident exhausted CD8+

T cells correlates with clinical responses to aPD-1 therapy.

Here, we used a combination of single-cell RNA sequencing

(scRNA-seq) and single-cell T cell receptor sequencing

(scTCR-seq) to analyze immune cell dynamics in patients with

advanced TNBC treated with chemotherapy (carboplatin/pacli-

taxel) and anti-PD-L1 (durvalumab), with or without anti-CD73

(oleclumab), as first-line therapy in a phase 2 randomized clinical

trial (NCT03616886). Our results suggest that an increased

fraction and clonal expansion of late-dysfunctional CD8+

T cells, prior to treatment, are associated with clinical response.

Upon treatment, responder patients show higher fractions of

new emerging clonotypes together with expansion of the precur-

sor CD8+ T cell pool. These results suggest that the reinvigora-
Figure 1. Study design and profiling of immune and non-immune cell t

(A) Overview of study design for biopsy analysis in patients with metastatic TNBC

PRE-treatment (baseline/week 0) and/or ON-treatment (week 3), across two arms

(arm A, n = 15). Created with BioRender.com.

(B) Clinical metadata, including treatment arm, RECIST-based response metric

indicates short-lived responders.

(C) UMAP representation of 76,079 tumor-infiltrating cells, color-coded by cell pop

associated fibroblasts.

(D) Distribution of cell numbers per cluster.

(E) Normalized expression of a selected set of gene signatures, demonstrating c
tion of pre-existing late-dysfunctional CD8+ T cell clones, the

emergence of new clonotypes, and the expansion of dysfunc-

tional precursor CD8+ T cell clones upon treatment collectively

contribute to objective clinical responses to chemoimmunother-

apy in BC. This underscores the critical role of this dual mecha-

nism of clonal reactivation and replacement in driving positive

clinical outcomes.

RESULTS

Transcriptomic landscape of metastatic TNBC
In the SYNERGY clinical trial, patients with advanced metastatic

TNBC receiving first-line therapy were randomized into two

treatment arms. Arm A combined chemotherapy (carboplatin/

paclitaxel) with anti-PD-L1 (durvalumab) plus anti-CD73 (oleclu-

mab); arm B combined chemotherapy with anti-PD-L1. A total of

40 biopsy samples were collected PRE-treatment (baseline/

week 0) and ON-treatment (week 3) from 27 patients, including

12 patients with paired samples (PRE- and ON-treatment)

(Figures 1A and 1B; Figure S1A; Table S1). Biopsies were ob-

tained from either primary tumor tissue (n = 10) or metastatic

sites (n = 17) (Figure 1B). For n = 9 patients, biopsy samples

were collected ON-treatment only, and for n = 6 patients, biopsy

samples were collected PRE-treatment only.

Clinical outcomes were assessed using response evaluation

criteria in solid tumors (RECIST)26 at week 24 (Figure 1B). Re-

sponders (R, n = 10) included nine with partial response (PR)

and one with complete response. Two patients had stable dis-

ease, and 17 were non-responders (NRs). Among NRs, eight

initially showed PR at week 8 but progressed by week 24

(short-lived R), and nine showed progressive disease by week

8 (Figure 1B; Table S 1).

Tissue samples were enzymatically dissociated, and tumor-

infiltrating cells, including immune, stromal, and tumor cells,

were analyzed using paired scRNA-seq and scTCR-seq via

50VDJ 10X Genomics technology. Batch effects across patients

(Figures S1B and S1C) and tissues (Figures S1D and S1E) were

removed through data integration, yielding high-quality tran-

scriptome data for 76,079 single cells (Figure 1C). Clustering

via uniform manifold approximation and projection (UMAP) and

graph-based methods identified 10 cell clusters based on their

transcriptome profiles. Differential expression (DE) analysis (Fig-

ure 1C; Figure S1F; Table S2) and cell type-specific gene signa-

tures27,28 (Figure 1E; Table S3) revealedmajor clusters, including

T cells, epithelial cells (normal and cancer), endothelial cells,

cancer-associated fibroblasts (CAFs), pericytes, myeloid cells,

B cells, and plasmacytes. Cycling cells cluster together due to
ypes in metastatic TNBC

. Biopsy samples (n = 40) from 27 patients were collected at two time points:

: chemotherapy + aPD-L1 (arm B, n = 12) or chemotherapy + aPD-L1 + aCD73

s, time point, and sample tissue origin. Combined red/green response status

ulation. pDC: plasmacytoid dendritic cell; PVL, perivascular cell; CAFs, cancer-

ell type identities.
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co-expression of cell cycle genes, distinctive of G2/M and S

cycling phase.27

All clusters were represented across samples (Figure S1C)

and tissue types (Figure S1E), though CAFs weremore abundant

in chest wall biopsies, and B cells were enriched in lymph node

biopsies (Figure S1E). Epithelial cells and T cells were the most

abundant clusters (Figure 1D). These findings illuminate the im-

mune-infiltrated TNBC landscape, providing a basis for further

analysis.

Immune and non-immune cell dynamics PRE- vs. ON-
treatment
To identify populations affected by treatment, we compared

cluster distributions in PRE- and ON-treatment biopsy samples.

PRE-treatment biopsies are enriched in epithelial cells, while

ON-treatment biopsies show higher T cell density (Figure 2A).

Upon treatment, there is a global increase in T cell populations

and a reduction in epithelial cells (Figure 2B), observed in almost

all patients (Figure 2C). No significant changes were noted

in other cell populations between PRE- and ON-treatment

(Figure S2A).

Comparing transcriptomic profiles of R and NRs (evaluated at

week 24), we observed consistent T cell expansion and epithelial

cell reduction upon treatment across both groups, regardless of

clinical responses (Figures 2D and 2E; Figures S2B and S2C) or

treatment arm (Figures S2D and S2E). Cycling cells, like epithe-

lial cells, decreased upon treatment in both R and NRs. Cycling

cells, which express high levels of cell cycle-related genes, form

a distinct cluster. To reveal the cell type of the cells included in

this cycling cluster, we performed label transfer analysis (Fig-

ure 2F; Figure S2F). Most cycling cells mapped to epithelial clus-

ters (Figure 2F; Figure S2F), consistent with the proximity of

these two clusters in the UMAP, with a small subset of 504

cycling T cells (Figure 2F).

Short-lived R (n = 8), who initially showed PR (week 8) but pro-

gressed by week 24, were categorized as NRs in the final evalu-

ation at week 24. To assess differences between short-lived R,

long-lived R (patients showing response at week 24), and NRs

(no response at week 8), patients were grouped separately.

Epithelial cell reduction upon treatment (week 3) was more sig-

nificant in long-lived R compared to both short-lived R and

NRs (Figure S2G). These findings suggest that distinct cell pop-

ulation dynamics correlate with treatment outcomes.

Myeloid cell states associated with response to
chemoimmunotherapy
Myeloid cell fraction did not change upon treatment (Figure S2A).

However, upon re-clustering of the myeloid cell compartment

(Figure 3A), we observe distinct clusters of macrophage and

monocyte cell populations differentially enriched in R vs. NR pa-

tients, prior to vs. upon treatment. We identified in total nine

macrophage clusters, all highly expressing the tumor-associ-

atedmacrophagemarkerAPOE; threemonocyte clusters, highly

expressing the monocyte marker S100A8; one classic dendritic

cell (DC) cluster, highly expressing CD1C; and one activated DC

cluster, highly expressing LAMP3 (Figure 3B; Figure S3B;

Table S4). A cluster of cycling myeloid cells was also identified

(Figure 3B; Figure S3B).
4 Cell Reports Medicine 6, 101973, March 18, 2025
R patients display increased fractions of Mac_FOLR2 cells

prior to treatment, andMac_APOE cells on treatment, compared

to NR patients (Figures 3C and 3D; Figure S3D). Both clusters

consist of macrophages highly expressing markers such

as FOLR2, SELENOP, SLC40A1, and CCL18 (Figure S3B;

Table S4) and show upregulation of a gene signature character-

istic of tissue-resident FOLR2+ macrophages29 (Figure S3C;

Table S3). NR patients are mainly enriched in monocytes

(Mono_S100A8) both prior to and upon treatment, compared

to R (Figures 3C and 3D; Figure S3D). Mac_FOLR2 enrichment

in R patients and Mono_S100A8 enrichment in NR patients

were observed in both treatment arms, whereas Mac_APOE

enrichment in R patients was more evident in R patients of arm

A (Figure S3E).

Altogether, these results demonstrate that patients display

enrichment in distinct myeloid subsets based on their response

status.

Transcriptional states of CD3+ TILs in advanced TNBC
To investigate differential enrichment of T cell subsets based on

response status, we re-clustered T cells independently of other

TME cell types. Re-analysis of the 23,193 T cells, UMAP, and un-

supervised clustering identified 12 distinct clusters, based on

transcriptomes (Figures 4A and 4B). All clusters are represented

across most samples, regardless of patient (Figures S4A and

S4B) or tissue (Figure S4C) specificity. DE analysis and projec-

tion of T cell-specific gene signatures and markers (Figure 4C;

Figure S4D; Table S3; Table S5) enabled annotation of these

populations.

On the UMAP, CD4+ T cell clusters are located on the left and

included 4 clusters: two expressing memory markers, e.g., IL7R

(CD4_IL7R) and SELL, LEF1, and TCF7 (CD4_LEF1), one cluster

of conventional CD4+ cells (Tconv; CD4_CD40LG), and one

cluster of regulatory T cells (Tregs_FOXP3). CD8+ T cell clusters

were located on the right and included 4 clusters: one expressing

classic cytotoxic/effector T cell markers, e.g., FCGR3A,

FGFBP2, PRF1, and GZMB (CD8_GNLY), one expressing circu-

lating/memory-precursor markers, e.g., GZMK and KLRG1

(CD8_GZMK), one expressing memory-precursor markers and

chemokine genes, e.g., CCL4 and CCL5 (CD8_CCL4), and one

with marker of cytotoxicity, e.g., GZMB, dysfunction, e.g.,

LAG3, and tissue residency, e.g., ITGAE, as well as CXCL13

(CD8_CXCL13) (Figure 4C; Figure S4D; Table S5). We also iden-

tified a natural killer cell cluster (CD8_TRDC) and 3 shared CD4+/

CD8+ clusters: one expressing stress markers (such as

ribosomal, mitochondrial, and heat-shock markers) (CD4/

CD8_stress), one expressing interferon-associated genes

(CD4/CD8_ISG15), and one expressing cell cycle genes (CD4/

CD8_Cycling) (Figure 4C; Figure S4D; Table S5). Label transfer

analysis of both the CD4/CD8_Cycling cluster and the T cell

cycling subset of 504 cells, identified previously (Figure 2F),

showed that most cycling cells are transcriptomically proximal

to CD8_CXCL13 cluster (Figure 4D; Figure S4E).

Gene signature analysis revealed distinct dysfunctional states

within CD8+ T cells. CD8_GZMK, CD8_CCL4, and CD8_CXCL13

clusters form a dysfunctional trajectory, while the CD8_GNLY

cluster represents a terminal effector-memory state (Temra) (Fig-

ure 4E). Trajectory analysis using diffusion map pseudotime
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Figure 2. TNBC transcriptomic landscape dynamics at PRE- and ON-treatment states

(A) UMAP showing cell density split at PRE-treatment (week 0/baseline) and ON-treatment (week 3).

(B) Cluster frequency distribution at PRE- and ON-treatment (ordinary two-way ANOVA test, with �Sidák correction for multiple comparisons; ****p value% 0.0001).

(C) Fraction of epithelial cells (left), T cells (middle), and cycling cells (right) per sample at PRE- and ON-treatment (dots: biopsy samples; lines: paired samples;

PRE: n = 18; ON: n = 21; exact p values shown; two-way ANOVA test, with �Sidák correction for multiple comparisons; Progression_P19 sample collected at later

time point was excluded from the analysis).

(D) Cluster frequency distribution comparing responders (R) and non-responders (NRs) at PRE- and ON-treatment (PRE_NR: n = 11; PRE_R: n = 7; ON_NR:

n = 12; ON_R: n = 9; ordinary two-way ANOVA, with Tukey correction for multiple comparisons; **p value % 0.01, ****p value < 0.0001).

(E) Fraction of T cells (left), epithelial cells (middle), and cycling cells (right) comparing R and NR at PRE- and ON-treatment (same n as (D); lines: paired samples;

exact p values shown; ordinary two-way ANOVA test, with Tukey correction for multiple comparisons; Progression_P19 sample collected at later time point was

excluded from the analysis).

(F) Distribution of cells label-transferred from the cycling cluster (n = 7,579) into the other clusters.
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Figure 3. Myeloid cell cluster dynamics during chemoimmunotherapy

(A) UMAP of 5,039 tumor-infiltrating myeloid cells.

(B) Normalized expression of selected gene markers and signatures, demonstrating myeloid cell identities.

(C) UMAP showing myeloid cell density by biopsy time points (PRE- and ON-treatment) and response status at week 24.

(D) Myeloid cell cluster frequency distribution at PRE- and ON-treatment states comparing responders (R) and non-responders (NRs). (PRE_NR: n = 7; PRE_: n =

4; ON_NR: n = 8; ON_R: n = 6; Progression_P19 sample collected at later time point was excluded from the analysis; samples with <50 total myeloid cells were

excluded from the analysis; ordinary two-way ANOVA, with Tukey correction for multiple comparisons; *p value % 0.05, **p value % 0.01).
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further validated these distinct paths, with terminal states of

CD8_CXCL13 (terminal exhausted) and CD8_GNLY (Temra)

(Figures S4F–S4H).30 These results are consistent with the bifur-

cation CD8 T cell differentiation model described in the past on

LCMV mouse study by Chen et al.31

Within the dysfunctional trajectory, we observe a continuum

from early-dysfunctional/memory-precursor states CD8_GZMK

and CD8_CCL4 to late-dysfunctional states CD8_CXCL13 (Fig-

ure 4E), with markers of dysfunction (e.g., HAVCR2 and LAG3),

tissue residency (e.g., ITGAE), cytotoxicity (e.g., GZMB), and

increased proliferation. These results highlight the heterogeneity
6 Cell Reports Medicine 6, 101973, March 18, 2025
of the CD8 TIL compartment, comprising early-dysfunctional

memory-precursor states, terminally dysfunctional states, and

terminal effector-memory states.

T cell states associated with response to
chemoimmunotherapy
To identify T cell populations linked to clinical response, we

analyzed cluster distributions across patients based on response

status (R and NRs) and treatment time points (PRE- and ON-

treatment). R display a significantly higher fraction of late-

dysfunctional CD8_CXCL13 cells both PRE- and ON-treatment
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(Figures 5A–5C; Figures S5A and S5B). Additionally, Tregs_

FOXP3 cells are expanded in R ON-treatment, particularly in pa-

tients receiving chemotherapy combined with aPD-L1 (arm B)

(Figures 5C and 5G; Figures S5C and S5D). In contrast, NRs

exhibit a higher fraction of CD8_GNLY Temra cells ON-treatment

(Figures 5A–5C; Figures S5A and S5B).

Given the enrichment of CD8_CXCL13 cells in R patients, both

PRE- and ON-treatment, we further analyzed the expression of

gene signatures associated with Temra or late-dysfunctional

CD8+ T cell states.21 R patients show higher expression of

late-dysfunctional gene signatures both PRE- and ON-treatment

(Figure 5D, left panel). Conversely, NR patients upregulate

Temra-associated gene signatures at both time points (Fig-

ure 5D, right panel). Consistent with these findings, DE analysis

of CD8+ T cells between R and NR patients revealed that R up-

regulate genes associated with T cell exhaustion (such as

PDCD1, LAG3, TOX, HAVCR2, and RGS132), at both time points

(Figures 5E and 5F; Table S6). NR patients, instead, upregulate

genes linked to conventional effector states (such as FGFBP2,

FCGR3A, and GNLY) and memory genes (such as TCF7, KLF2,

and SELL) (Figures 5E and 5F; Table S6).

These findings suggest that R are characterized by enrichment

in late-dysfunctional CD8 T cells both PRE- and ON-treatment

and Tregs ON-treatment, while NRs display higher levels of

Temra CD8 T cells (Figures S5D and S5E).

The enrichment of CD8_CXCL13 cells in R patients led to the

hypothesis that these cells exhibit tumor-reactive properties.

Supporting this, CD8_CXCL13 cells displayed high expression

of tumor-reactive gene signatures,33 whereas CD8_GZMK

memory-like progenitors and CD8_GNLY Temra cells upregu-

lated viral-specific signatures,33 indicative of bystander activity

(Figure S5F).

Interestingly, some NR patients showed similar or even higher

CD8_CXCL13 fractions compared to R. Further stratification re-

vealed that these were short-lived R, initially showing PR but

later progressing (Figure S5G). Short-lived R exhibited an inter-

mediate T cell profile, with high fractions of Temra CD8_GNLY

cells both PRE- and ON-treatment (Figure S5G).

Next, to explore the potential synergistic effects between

myeloid and T cells on response to chemoimmunotherapy, we

performed correlation analysis of relative (sub)cluster abundan-

cies in R patients, PRE-treatment (Figure 5H; left panel) and

ON-treatment (Figure 5H; right panel). In R patients, PRE-treat-

ment abundance of late-dysfunctional CD8_CXCL13 cells and

proliferating T cells correlated with enrichment in DC-CD1C

and Mac-APOE macrophages. ON-treatment, Treg expansion

correlated with Mac-FOLR2 and Mac-APOE macrophages,

clusters associated with T cell infiltration and favorable antitumor
Figure 4. Characterization of T cell states in metastatic TNBC

(A) UMAP of 23,193 tumor-infiltrating T cells, highlighting 11 T cell clusters and 1

(B) Distribution of cell numbers across T cell clusters.

(C) Normalized expression of selected genes and gene signatures, defining T ce

(D) Distribution of T cells label-transferred from (1) the total T cell cycling cluster (n=

clusters.

(E) Mean expression of gene signatures, defining late-dysfunctional (CD8_Termina

(CD8_IL7R_positive_Tm), and terminal effector-memory (CD8_Temra) CD8 T cell

CD8_GNLY clusters). Samples aggregated as pseudobulks; paired t tests, perfor

8 Cell Reports Medicine 6, 101973, March 18, 2025
responses29 (Figure 5H; Figure S3C). Additionally, ON-treat-

ment, enrichment in pre-dysfunctional CD8_CCL4 cells posi-

tively correlated with late-dysfunctional CD8_CXCL13 cells

(Figure 5H).

Altogether, these results suggest that high pre-treatment frac-

tions of tissue-resident, late-dysfunctional CD8_CXCL13 cells

are associated with response to chemoimmunotherapy. In

contrast, resistance is linked to increased levels of cytotoxic,

non-dysfunctional CD8+ cells and memory CD4+ cells.

TCR clonal expansion patterns in R vs. NR patients with
TNBC
scTCR-seq with matched 50 RNA profiling was obtained for 36

out of 40 biopsies. We obtained total higher number of total

cells with matched T cell receptor (TCR) and RNA profile in

ON-treatment samples, compared to PRE-treatment, consis-

tent with our findings on the increased T cell infiltration upon

treatment, in all patients (Figure 6A) and in paired-sample pa-

tients alone (Figure S6A).

We first analyzed clonal expansion patterns in R vs. NR pa-

tients both PRE- and ON-treatment. R patients show higher

clonal expansion PRE-treatment compared to NRs, quantified

by the absolute number of cells and the relative abundance of

highly expanded clonotypes (Figures 6A and 6B). Of note, across

the different biopsies, we recovered different absolute cell

numbers; thus, the clonal expansion pattern per patient and

per response group state could be impacted by the cell size dif-

ferences. To correct for this bias and equalize the relative contri-

bution of the individual samples, we performed downsampling,

with a total of n = 78 cells randomly selected per sample. This

value was chosen based on sample size distribution, with pro-

cedure being repeated 100 times and results being averaged.

We observe that the fraction of highly expanded clonotypes

and mean clonotype size remained significantly higher in R

than NR PRE-treatment (Figure 6C; Figure S6B).

Upon treatment, clonal expansion decreased in R, but not in

NR patients (Figures 6C and 6D; Figure S6C). Our hypothesis

is that this decrease in R was associated with reduced fre-

quencies of the most expanded PRE-treatment clonotypes and

the emergence of newly detected, lowly expanded clonotypes

ON-treatment, in line with the observed increased T cell infiltra-

tion ON-treatment. To test this hypothesis, we focused our anal-

ysis on the paired samples. n = 1 out of the 12 paired patients

was excluded from this analysis due to low cell number detected

ON-treatment. We calculated the ratio of clonotypes detected

only ON- and PRE-treatment (ON-only: PRE-only) (Figure 6E).

R showed a significantly higher ON-only:PRE-only ratio for all

clonotypes, including singletons, compared to NR patients
NK cluster (NK: natural killer cells).

ll states.

504 cells) and (2) theCD4/CD8_Cycling cluster (n = 374 cells) to the other T cell

l_Tex), early effector-memory (CD8_GZMK_positive_early_Tem), IL7Rmemory

states, in CD8+ T cells (including CD8_CXCL13, CD8_CCL4, CD8_GZMK, and

med to compare mean signature expression across clusters (p values shown).
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(Figure 6E, left panel). However, focusing on expanded clones

(size R2 cells), NRs exhibited a higher ON-only:PRE-only ratio

(Figure 6E, right panel).

To better illustrate this, we further compared clonotype fre-

quencies in patients, PRE- and ON- treatment (Figures 6F and

6G). In R patients, PRE-treatment highly, expanded clones

frequently persisted ON-treatment, though some declined in

size or disappeared (Figures 6F and 6G, right panel). In NR pa-

tients, ON-treatment we observed newly emerging large,

expanded clones, not existing prior to treatment (Figures 6F

and 6G, left panel). This pattern, consistent across patients, sug-

gests that baseline clonal expansion correlates with response.

Upon treatment, R display an influx of new, lowly expanded clo-

notypes alongside retained clones.

To explore clonal sharing as an indicator of clonal reinvigora-

tion, we analyzed paired biopsies. When including all clono-

types, we observed a higher fraction of shared clonotypes

in R, compared to NR patients (Figure S6D), whereas clonal

sharing index (Jaccard) tended to be higher in R patients

(Figures S6E and S6F). For some biopsies, however, the number

of retrieved T cells was relatively small, so we examined how

sensitive the clonal sharing index is to the sample size. To do

so, we performed an in silico downsampling experiment. Firstly,

we randomly selected an equal number of cells from varying

sample sizes, and next we calculated the clonal sharing indices

(Jaccard and Morisita) between PRE- and ON-treatment time

points. We observed that the values of both clonal sharing

indices tend to decrease as the sample cell number decreases

(Figure S6G), indicating that clonal sharing indices are influenced

by sample size. Therefore, we cannot conclude with confidence

about the differences in the total clonal sharing status between

PRE- andON-treatment states. Additionally, we examined clonal

sharing between the top 10% most expanded clonotypes PRE-

and ON-treatment per patient (Figure S6H). In R, many top

expanded PRE-treatment clonotypes remained among the

most expanded ON-treatment, whereas in NRs, top expanded

PRE-treatment clonotypes were generally not retainedON-treat-

ment (Figure S6H). One exception was patient P10, a short-lived

R who initially exhibited PR but later progressed.

Taken together, these results indicate that increased clonal

expansion PRE-treatment is associated with response to che-
Figure 5. Identification of T cell populations associated with response

(A) UMAP showing cell density at PRE- and ON-treatment states, comparing resp

(B) Distribution of T cell frequencies at PRE- and ON-treatment states for R and

(C) Fraction of T cell clusters per sample at PRE- and ON-treatment for R and NR

n = 9; Progression_P19 sample collected at later time point was excluded from

p values by ordinary two-way ANOVA test, with Tukey correction for multiple co

(D) Normalized expression of selected gene signatures, defining late-dysfunctiona

NR at PRE- and ON-treatment. Analysis performed on CD8+ T cells (CD8_CXC

pseudobulks; t tests performed to compare mean gene signature expression ac

(E and F) Volcano plots of differentially expressed genes in CD8+ T cells between R

genes with adj. p value < 0.05 and fold change >0.25. Samples aggregated as p

(G) Upper: T cell cluster fractions for R andNR at PRE- andON- treatment in armB

N = 2 NR and N = 4 R; PRE_NR: n = 4; PRE_R: n = 4; ON_NR: n = 4; ON_R: n =

including N = 6 with paired samples: N = 4 NR and N = 2 R; PRE_NR: n = 6; PRE

p values shown, ordinary two-way ANOVA test, with Tukey correction formultiple c

at later time point was excluded from the analysis; Baseline_P26 biopsy was exc

(H) Pearson correlation of myeloid and T cell cluster abundancies in R patients at

***p value % 0.001).
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moimmunotherapy. R exhibit reduced clonal expansion, driven

by the decline of highly expanded clones and the recruitment

of new clonotypes. This is indicative of an ongoing clonal

replacement by newly recruited T cell clones that have probably

recently entered the tumor site and have not yet fully expanded.

Distinct clonal expansion distribution per T cell cluster
between R and NR patients with TNBC
We next mapped the TCR profiles to the T cell UMAP reference

to examine TCR clonal patterns across different T cell clusters in

R vs. NR patients. Among all T cell populations, CD8_CXCL13

cells exhibit higher clonal expansion levels (Figures 7A and 7B;

Figure S7A). Notably, expansions in the CD8_CXCL13 cluster

occur almost exclusively in R, but not in NR patients, both

PRE- and ON-treatment (Figure 7C), a trend consistent across

patients (Figure 7D). Large clonal expansions are also observed

in the CD4/CD8_Cycling cluster (Figures 7B and 7C), which

mainly contains proliferating CD8_CXCL13 cells (Figure 4D; Fig-

ure S4E). TCR analysis confirms strong clonal sharing between

CD4/CD8_Cycling and CD8_CXCL13 populations (Figures S7B

and S7C).

Early-dysfunctional (memory-precursor) CD8_CCL4 cells are

significantly clonally expanded prior to treatment in both R and

NR patients (Figures 7C and 7D). In general, these cells can act

as a source that gives rise to late-dysfunctional (CD8_CXCL13)

cells, helping sustain T cell responses over time.22 Interestingly,

upon treatment, CD8_CCL4 expansion increases in R but not in

NRpatients (Figure 7D).Conversely,NRpatients showsignificant

clonal expansions in the CD8_GNLY Temra cluster upon treat-

ment (Figure 7D).

Together, these results indicate that R patients display expan-

sions in late-dysfunctional CD8_CXCL13 cells, both prior to and

upon treatment. Additionally, there is an increased clonal expan-

sion in the CD8_CCL4 precursors of late-dysfunctional cells in R

patients, while NR patients show expansions in the CD8_GNLY

cluster, characterized by effector but not dysfunctional genes.

These findings highlight the importance of clonal expansions

across the dysfunctional axis, from early- to late-dysfunctional

clusters, for sustained antitumor responses.

We next analyzed shared clonotypes detected in both PRE-

and ON-treatment time points for n = 11 patients with paired
to treatment

onders (R) and non-responders (NRs) based on the RECIST criteria (week 24).

NR (two-way ANOVA; *p value % 0.05).

(dots: biopsy samples; PRE_NR: n = 10; PRE_R: n = 7; ON_NR: n = 12; ON_R:

the analysis; Baseline_P26 biopsy was excluded due to low cell count; exact

mparisons; non-represented p value = ns).

l (left) and terminal effector-memory CD8+ T cell states (right) comparing R and

L13, CD8_CCL4, CD8_GZMK, CD8_GNLY clusters). Samples aggregated as

ross patient groups (p values shown).

and NR patients at PRE-treatment (E) and ON-treatment (F). Red dots indicate

seudobulks.

(chemotherapy + aPD-L1;N = 12 patients, includingN = 6with paired samples:

5). Lower: T cell fractions in arm A (chemotherapy + aPD-L1 + aCD73; N = 15,

_R: n = 3; ON_NR: n = 8; ON_R: n = 4). Dots represent biopsy samples; exact

omparisons; non-represented p value = ns. Progression_P19 sample collected

luded due to low cell count.

PRE- (left) and ON- (right) treatment states (*p value% 0.05, **p value% 0.01,
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samples. We observed that at baseline, shared clonotypes have

distinct T cell cluster distribution profiles between R and NR pa-

tients. In PRE-treatment samples, shared clones in R patients

are mainly found in dysfunctional CD8_CXCL13 and in CD4/

CD8_Cycling clusters (that, as described before, are for the

vast majority CD8_CXCL13 cells); whereas, in NR patients,

they are mainly present in memory-precursor CD8_CCL4 and

in Temra CD8-GNLY clusters (Figure 7E; Figure S7D). Analysis

of the expansions of shared clones PRE- vs. ON-treatment un-

veils that, ON-treatment, there is a decreased fraction of

CD8_CXCL13 and an increased fraction of memory-precursor

CD8_CCL4 cells in R patients (Figures 7E and 7F). NR patients,

upon treatment, exhibit a significant decrease in the fraction of

the memory-precursor CD8_CCL4 cells, in contrast to the R

group (Figures 7E and 7F). On the other hand, in NR patients,

upon treatment, we observed increased clonal expansions

within the Temra CD8_GNLY cluster. Altogether, these results

suggest that both a high fraction of CD8_CXCL13 cells PRE-

and ON-treatment and a continuous replenishment of the mem-

ory-precursor pool are associated with an objective response to

chemoimmunotherapy.

We further examined the distribution of non-shared T cell

clones found either PRE- or ON-treatment only (Figures S7E–

S7H). In R patients, newly emerging clones are mainly found in

CD8_CXCL13 and CD8_CCL4 clusters, as well as in CD4+

T cell clusters, including CD4/CD8_ISG15, conventional T cells

(CD4_CD40LG), and Tregs (Tregs_FOXP3) (Figures S7E and

S7F). In contrast, in NR patients, expanded clonotypes are pre-

dominantly found in memory CD4+ T cell clusters (CD4_LEF1

and CD4_IL7R) and the CD8_GNLY Temra cluster, with minimal

representation in CD8_CXCL13 (Figures S7E–S7G).

Overall, these results highlight the clonal diversification of

the TCR repertoire in R vs. NR patients, with R showing higher

expansions in late-differentiated CD8+ T cells co-expressing

markers of both dysfunction and activation (CD8_CXCL13).

DISCUSSION

In the current study, we examined the temporal dynamics of TILs

in patients with metastatic TNBC treated with chemoimmuno-

therapy in a phase 2 clinical trial. Patients were randomized to
Figure 6. TCR repertoire profiles of R and NR patients

(A) Quantification of clonal size across R andNRpatients at PRE- andON-treatmen

<5 cells), medium (>5 and <10 cells), large (>10 and <20 cells), and hyperexpanded

clonotype rank; n = 36 biopsy samples included.

(B) Relative clonal abundancies R and NR patients at PRE- and ON-treatment st

(C) Mean clonal expansion levels in R and NR patients at PRE- and ON-treatment

point, based on downsized samples (78 cells per sample; see Methods for detai

(D) Clonotype frequency dynamics from PRE-to ON-treatment, shown per patien

connecting frequencies of the same clonotype. Lines are orange if the clonotyp

R patients (n = 6); lower: NR patients (n = 5).

(E) Ratios of clonotypes detected only at ON- vs. PRE-treatment (ON-only:PRE

(R2 cells). Analysis includes n = 11 paired patients (6 R, 5 NRs), with downsizing

value are represented in the same point.

(F) Scatterplot comparing TCRb clonotype frequencies at PRE- (x axis) and ON-tr

Points represent clonotypes, color-coded by response status (R: n = 6, NRs: n =

(G) Scatterplots showing TCRb clonotype frequency comparisons (PRE-treatme

identity. Left: R patients (n = 6); right: NR patients (n = 5). Each point correspond
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two treatment arms to assess the benefit of adding aCD73/

oleclumab to chemotherapy plus aPD-L1/durvalumab. Notably,

patients were randomized to the either of these arms irrespective

of PD-L1 or CD73 expression. In previous studies (IMpas-

sion130, KEYNOTE 355), adding PD-L1 blockade (atezolizumab

and pembrolizumab, respectively) to chemotherapy showed

significant progression-free survival benefit in patients with PD-

L1-positive advanced TNBC, compared with chemotherapy

alone.34,35 However, the IMPASSION-131 trial did not report

any benefit in patients who received atezolizumab treatment in

addition to chemotherapy alone.36 The SYNERGY trial was de-

signed before the notion of benefit of PD-L1 blockade in PD-

L1-positive, metastatic TNBC tumors; thus, it did not enrich for

such subset. Although, the addition of oleclumab to durvalumab

plus chemotherapy was not associated with improved clinical

benefit at week 24,37 we sought to investigate the anti-tumor im-

mune response prior to and during treatment to identify differen-

tial features linked to clinical outcomes.

Prior to treatment, we observed that R have a significantly

higher fraction of clonally expanded CD8+ T cells, with increased

expression of genes associated with T cell dysfunction, cytotox-

icity, and tumor reactivity. Upon treatment, a large influx of new

clonotypes emerges in R patients, which likely represent recently

infiltrated clonotypes that are thus not yet fully expanded. The

higher proportion of late-dysfunctional CD8_CXCL13 cells in R

patients was correlated with an increased frequency of macro-

phages expressing FOLR2, a macrophage subset recently asso-

ciated with greater CD8+ T cell infiltration, and improved out-

comes in BC.29 Additionally, R patients showed an expansion

of precursor CD8+ T cells (CD8_CCL4) upon treatment. In

contrast, NRs exhibited a less diversified T cell repertoire, with

expansions primarily observed in memory CD4+ T cell clusters

and the CD8_GNLY Temra cells.

Altogether, these findings indicate that, maintaining a protec-

tive antitumor immune response requires a higher fraction of

late-dysfunctional CD8+ T cells (CD8_CXCL13), likely endowed

with superior functionality, along with an expansion of the mem-

ory-precursor CD8+ T cell pool to continuously replenish the

CD8_CXCL13 subset.

CD39 and CD73 catalyze the conversion of ATP to AMP and

AMP to ADO, respectively. Adenosine binds to A2a and A2b
t states. Clonotypes are ranked by expansion level: single (1 cell), small (>1 and

(>20 and <100 cells). The bars represent the number of cells belonging to each

ates; n = 36 biopsy samples included.

states. Each dot represents the mean clonotype size per patient at a given time

ls). Wilcoxon test p values indicate statistical significance.

t. Each dot represents a clonotype’s frequency at a given time point, with lines

e is present at both time points and blue if unique to one time point. Upper:

-only). Left: all clonotypes (including singletons); right: expanded clonotypes

to 78 cells per sample. Wilcoxon p values are shown. Patients with same ratio

eatment (y axis) in all paired PRE- and ON-treatment samples (n = 11 patients).

5).

nt: x axis; ON-treatment: y axis) for paired samples, color-coded by patient

s to one clonotype.
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receptors on T cells, dampening TCR signaling and impairing

T cell effector functions.38,39 The mechanisms underlying the

correlation between CD73 blockade and response to treatment

remain unclear. In our study, we observed a higher fraction of

Tregs in R patients receiving chemotherapy with aPD-L1 alone.

Since Tregs largely express CD73,40 the addition of oleclumab

could affect their function. While Tregs are associated with

immunosuppressive phenotypes41 and poor responses to ICB,

their abundance in R patients might reflect control of an active

anti-tumor immune response, absent in NR patients. Thus, bet-

ter understanding of Treg intratumoral heterogeneity and the

role of each subset in antitumor immunity is essential.

Several studies highlighted that T cell infiltration correlates

with favorable prognosis and OS in human tumors.42 Here,

we observed that higher T cell clonal expansion prior to treat-

ment is associated with response to chemoimmunotherapy.

However, upon treatment, overall T cell expansion is similar in

R and NR patients, with higher proportions of T cells compared

to pre-treatment biopsies. Previous studies indicate that

memory-precursor T cell subsets expand upon ICB treat-

ment,22,23,43–45 while more recent research highlights the role

of tumor-reactive, tissue-resident CD8+ T cell subsets, exhibit-

ing exhaustion and activation markers associated with

improved prognosis.24,46–48 Our findings align with this litera-

ture, with CD8_CXCL13 being the primary expanded subset

in R patients. CXCL13 is a B cell chemoattractant that promotes

the formation of tertiary lymphoid structures (TLSs) in tumors.49

TLSs are involved in initiating and maintaining T cell and B cell

responses in tumors, and their presence is linked with favorable

clinical outcomes.50 Recent studies suggest that CXCL13

expression by CD8+ T cells, along with other markers such as

ITGAE/CD103 and ENTPD1/CD39,46 is indicative of tumor-

reactive T cells.51,52 Further studies are needed to clarify the

exact role of CXCL13+ CD8+ T cells in TLS formation and their

impact on antitumor responses.

TCR sequencing analysis revealed that, before treatment, R

patients have significantly higher clonal expansion levels

compared to NR patients, suggesting that TCR expansion

could predict responses to ICB. Upon treatment, R patients

showed a decrease in mean clonotype size, which is due to

two factors: (1) a significant decrease in the fraction of PRE-
Figure 7. TCR clonal dynamics between T cell clusters in R and NR pa

(A) UMAP of T cell clonal size. Clonotypes are ranked by expansion level: singl

<20 cells), and hyperexpanded (>20 and <100 cells); n = 36 biopsy samples are

(B) Quantification of clonal size per T cell cluster. Clonotypes are ranked by expa

(C) UMAP of T cell clonal size per patient group, displaying PRE- and ON-treatm

(D) Quantification of TCR expansion per T cell cluster at PRE-treatment (upper) an

represents the mean clonotype size computed for T cells in each cluster for a give

between a given cluster and the rest; significant p values are shown. Kruskal-Wa

(E) Distribution of cluster identities for clonotypes shared between PRE- and ON-tr

on top of the bar plot.

(F) Dynamics of the fraction occupied by cells with selected cluster identity at PRE

time points are considered (same data as in E). Each point represents the fraction

the same patient are connected with a line (R patients: n = 6; NR patients: n = 5).

PRE_R and ON_NR vs. ON_R. Paired Wilcoxon test was performed for compari

shown.

(G) Alluvial plot depicting cluster distribution for shared clonotypes between PRE-

identical clonotypes shared between the two states.
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treatment highly expanded clonotypes, primarily exhausted

CD8_CXCL13 cells, and (2) an influx of newly emerging small

clonotypes ON-treatment. In R patients, but not NR patients,

expansions were observed within the CD8_CXCL13 cluster

both prior to and during treatment, with highly expanded clones

at baseline found again during treatment. These results suggest

that most clonotypes expanded in R patients during treatment

were already present before treatment. A recent study in basal

and squamous cell carcinoma found that clonotypes expanded

after PD1 blockade were not detectable before treatment,53

indicating clonal replacement of tumor-reactive T cells. This

discrepancy may be due to differences in TCR sequencing

kinetics and earlier tissue sampling in our study (week 3 on-

treatment) compared to the study by Yost et al.54 (week 9 on-

treatment).

Based on our results, we propose that both clonal reinvigora-

tion of highly expanded pre-existing clones, together with clonal

replacement ON-treatment, occur in patients that respond effi-

ciently to chemoimmunotherapy treatment. Together, these

findings suggest an immediate clonal expansion upon ICB treat-

ment, followed by a rise of new clonotypes at later time points,

through clonal replacement and recruitment from the periphery.

In NR patients, instead, we observe a higher fraction and

expansion of CD8_GNLY Temra cells, which appear to be non-

tumor-reactive bystanders, potentially recognizing viral anti-

gens.55 Bystander T cells generally lack chronic exhaustion fea-

tures and resemble memory or effector memory T cells. Since

exhaustion is driven by continuous antigen presentation,56

T cells without tumor specificity are unlikely to undergo exhaus-

tion. A recent study in melanoma demonstrated that TILs with

cancer-recognizing TCRs exhibit exhaustion features, while

T cells recognizing Epstein-Barr virus antigens form non-ex-

hausted clusters.33 To predict the specificity of these T cells,

computational approaches are being developed,57 based either

on machine learning (e.g., TCRex58 and NetTCR59) or on

sequence similarity clustering (e.g., GLIPH60 and TCRdist61)

that utilize the assumption that TCRs with the same antigen

specificity should share some sequence motif. Future studies

will help refine our understanding of TCR specificity and

contribute to the development of more effective immunothera-

peutic strategies.
tients

e (1 cell), small (>1 and <5 cells), medium (>5 and <10 cells), large (>10 and

included in the analysis.

nsion level, as in (A); n = 36 biopsy samples are included in the analysis.

ent states in R and NR patients.

d ON-treatment (lower) time points, separated by response status. Each point

n patient. Wilcoxon tests were performed to compare the mean clonotype size

llis tests were used to assess variability across clusters.

eatment time points. Left: R patients; right: NR patients. Clonal size is indicated

- and ON-treatment. Only clonotypes shared between PRE- and ON-treatment

of cells with a given cluster identity in a single patient. Points corresponding to

Unpaired Wilcoxon test was performed for comparisons between PRE_NR vs.

sons between PRE_NR vs. ON_NR and PRE_R vs. ON_R. Exact p values are

and ON-treatment time points in R (left) and NR (right) patients. Lines connect
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Limitations of the study
Our study explored T cell transcriptomic and TCR dynamics in

metastatic TNBC during chemoimmunotherapy, identifying

subpopulations and TCR patterns associated with treatment

response. We acknowledge that the limited sample size restricts

the generalizability of our findings and prevents drawing conclu-

sions about differences between treatment arms, including

the potential impact of oleclumab addition. Additionally, the

absence of certain TCR clones in pre-treatment samples, but

their detection post treatment, could be attributed to sampling

limitations rather than true clonal absence, a common challenge

in TCR sequencing studies. Finally, while we identified immune

subsets and clonal expansions linked to response, the underly-

ing mechanisms remain unclear, warranting larger studies and

functional analyses to validate and refine these findings.
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EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Study design
All patients were enrolled in the SYNERGY phase II trial (IJB-SYNERGY-012017; NCT03616886) an open-label, multicenter, random-

ized study in which previously untreated locally recurrent inoperable or metastatic TNBC patients received either weekly carboplatin

(AUC 1.5) plus paclitaxel (80 mg/m2)312 and aPD-L1 (MEDI4736, durvalumab; 1500 mg q4w) (Arm B) ± aCD73 (MEDI9447, oleclu-

mab; 3000 mg q2w 35 then 3000 mg q4w) (Arm A). Both patients with PD-L1/CD73 positive or negative tumors were eligible. The

primary objective of the study was to assess clinical benefit (CB) of oleclumab in combination with chemotherapy and durvalumab by

the comparing the CB rate at 24 weeks between patients treated with or without the oleclumab. SYNERGY was conducted in accor-

dance with the Declaration of Helsinki and the national regulatory requirements. All patients signed a written informed consent.

We initially profiled and collected data on 47 biopsy samples (including: 22 biopsy samples collected PRE-treatment, 23 biopsy

samples collected ON-treatment (week 3), 1 biopsy collected ON-treatment (week 5) and 1 biopsy collected at progression status)

derived from 29 TNBC patients (including 13 patients with matched PRE- and ON- treatment biopsies collected). Upon quality

filtering of the scRNAseq data (based on the number of genes detected per each cell and the percent of mitochondrial gene expres-

sion; <15%) we removed from the final analysis 7 samples that had <150 cells. Therefore, in the final analysis included in this study we

include: 40 biopsy samples, derived from 27 patients, including 12 patients withmatched PRE- andON- biopsy samples. 15 out of 27

patients were randomized to Arm A and 12 patients were randomized to Arm B. Tissue biopsies from a total of 27 patients were ob-

tained via core needle biopsy at two timepoints: pre-treatment (week 0/baseline) and at on-treatment (week 3). For 12 out of the 27

patients paired-biopsy samples were obtained (from both pre- and on-treatment timepoints). 15 out of 27 patients to arm A; 12 out of

the 27 patients were randomized to arm B. For 1 patient, on-treatment biopsy was collected at week 5 on treatment due to logistical

constraints. For 1 patient with disease progression one additional tissue biopsy was collected at a later, progression timepoint.

Human specimens
Tissue biopsies from patients included in Institut Curie, Institut Jules Bordet and KU Leuven were obtained via a diagnostic biopsy

needle. Sampleswere stored in CO2-independentmedium (Gibco) with 2%human serumand transferredwithin a period of -1h to the

research institute. All 40 biopsy samples included in the current study were processed fresh, immediately upon surgical removal, with

the exception of the following 5 samples: Baseline_P26, Baseline_P25, Week 3_P23, Week 3_P24, Week3_P27, which were initially

frozen.

METHOD DETAILS

Biopsy tissue dissociation
Biopsy tissue samples were gently cut in about 0.5 mm3 pieces using scalpter. Tissues were digested enzymatically by a 20 min

incubation, at 37�C under agitation, in CO2-independent medium (Gibco) with collagenase I (2 mg/mL; # 637958; Sigma-Aldrich),

hyaluronidase (2 mg/mL; #H3506; Sigma-Aldrich), and deoxyribonuclease (25 mg/ml; #D5025; Sigma-Aldrich). The tissue pieces

were gently triturated with a 20mL syringe plunger on a 70um cell strainer (BD) in 1X PBS (Gibco) with 1% fetal bovine serum

(FBS) and 2mM EDTA (Invitrogen) until uniform cell suspensions were obtained. The suspended cells were subsequently centrifuged

for 10 min at 300 g at 4�C.

Red blood cell and dead cell removal
Red blood cells and dead cells were removed using magnetic isolation kit by StemCell technologies, following manufacturer instruc-

tions (Product numbers: #18170RF and #17899 respectively). Upon purification, cells were resuspended in the proper volume of 1X

PBS with 0.04% BSA, based on the targeted cell recovery indicated by 10X Genomics. Cell numbers and viability were measured

using a Countess II Automated Cell Counter (Thermo Fisher Scientific) and hemocytometer/trypan blue.

Sc-RNA-seq and TCR-seq profiling
Single-cell suspensions were loaded onto a Chromium Single Cell Chip (10X Genomics) according to themanufacturer’s instructions

for co-encapsulation with barcoded gel beads at a target capture rate of 1,000 to 10,000 individual cells per sample, based on the

initial number of cells. For all samples RNA and TCR libraries were synthetized by following the Chromium Single Cell 50 V(D)J Enrich-
ment Kit, Human T cell (10X Genomics). cDNA before and after TCR enrichment was profiled using both Qubit (Thermofischer sci-

entific) and Bioanalyzer High Sensitivity DNA kit (Agilent Technologies). Libraries for RNA-seq and V(D)J were prepared following the

manufacturer’s user guide (10X Genomics), then profiled using Kapa Library Quantification kit (Kapa Biosystems) and quantified with

Qubit (Thermo Fisher Scientific) and Tapestation (Agilent Technologies). Single-cell RNA-seq libraries and TCR V(D)J libraries were

sequenced with Novaseq (Illumina). All sequencing was done according to the manufacturer’s specification (10X Genomics).

scRNA data processing
Single-cell expression was analyzed using the Cell Ranger Single Cell Software Suite (10X Genomics, v6.1.5) to perform quality con-

trol, sample demultiplexing, barcode processing, and single-cell 50 gene counting. Sequencing reads were aligned to the GRCh38
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human reference genome (Ensembl 84) and quantified using cellranger count function. Filtered gene barcodes matrices, containing

barcodes with UMI counts passing threshold for cell detection, were used for further analysis. Empty droplets removal was per-

formed by the EmptyDrops package,68 implemented in CellRanger.

Principal componed analysis (PCA), UMAP clustering & downstream analysis
Downstream analysis was performed using Seurat62 (version 4.2.1). Quality control was performed to exclude cells with less than 200

or more than 6000 detected genes and with greater than 15% mitochondrial RNA content, with 76,079 cells passing these filters.

For cell clustering, raw UMI counts were log normalized and variable genes called on each dataset independently. The top 6000

variable features were identified using the ‘‘vst’’ method from Seurat. Variable T cell receptor and immunoglobulin genes were

removed from the list of variable genes to prevent clustering based on variable V(D)J transcripts. To correct batch effects between

samples, we used the reciprocal PCA (rPCA) integration method. This method is based on leveraging closely-related cells (termed

anchors) between datasets, projection of each dataset into the others PCA space and construction of the anchors by the same

mutual neighborhood requirement. Cell cycle score for S and G2/M cell cycle phase was assigned to each cell, based on previously

published datasets27 using the CellCycleScoring function.

Scaled scores for each gene were calculated using the Scale Data function and regressed against number of UMIs per cell and

mitochondrial RNA content. Scaled data was used an input into PCA based on variable genes. A stressed-induced cluster of low-

quality cells (highly expressing mitochondrial/MT- and heat-shock/HSP- genes) was removed from the initial analysis and cells

were re-analyzed. Clusters were identified based on the shared nearest neighbor (SNN) clustering on the first 14 PCs and resolution =

0.5. Principal components were used to generate UMAP projections. Unique cluster-specific differential expressed genes were iden-

tified by performing the Seurat FindAllMarkers function using Wilcoxon test on the RNA assay. Signature scores were computed us-

ing the Seurat function AddModuleScore using the gene signature of interest and setting the number of control genes from the same

bin of expression at 5. This function calculates for each individual cell the average expression of each gene signature, subtracted by

the aggregated expression of control gene sets matched for individual gene expression level. For visualization of cluster numbers

distribution barplots downstream analysis we used the dittoseq package (v.1.10.0).66

Myeloid cell sub-clustering
For myeloid cell specific clustering, we isolated myeloid cell cluster from the general object (of Figures 1 and 2), containing all the

broad clusters. To correct batch effects between samples, we used the harmony69 integration method applied on the RNA assay

of the selected samples. Variable genes were called on the RNA assay of the myeloid cell dataset independently and PCA was per-

formed based on the variable gene set. Myeloid cell clusters were identified using SNN-based clustering based on the first 12 PCs

with resolution = 0.5. Principal components were used to generate UMAP projections. Progression_P19 sample collected at later

timepoint was excluded from the analysis. Samples with <50 total myeloid cells were excluded from further analysis (abundancies

quantification), including: Baseline_P26, Baseline_P13, Baseline_P15, Baseline_P16, Baseline_P18, Baseline_P22, Baseline_P5,

Week3_P15, Week3_P16, Week3_P17, Week3_P18, Week3_P24, Week3_P8, Week5_P22.

T cell sub-clustering
For T cell specific clustering, we isolated the T (NK) cell cluster from the general object (of Figures 1 and 2), containing all the broad

clusters. Variable genes were called on the RNA assay of the T cell dataset independently and PCA was performed based on the

variable gene set. T cell clusters were identified using SNN-based clustering based on the first 12 PCs with resolution = 0.8. Principal

components were used to generate UMAP projections. Progression_P19 sample collected at later timepoint was excluded from the

analysis. Baseline_P26 sample was excluded from further analysis (abundancies quantification), due to low cell number.

Label transfer using a reference
Label transfer was performed using Seurat v3 FindTransferAnchors and TransferData functions. FindTransferAnchors function iden-

tifies a set of anchors between a reference and query object and next TransferData function uses the set of anchors computed to

transfer categorical or continuous data from the reference to the query object. Cycling cells cluster together due to co-expression

of cell cycle genes. To identify their identity, label transfer method was used to assign the cells from the cycling cluster into their clus-

ter-of-origin on the broad cluster UMAP and on the T cell cluster UMAP (Figure 2F; Figure S2D; Figure 4D; Figure S4E).

T cell trajectory
For reconstruction of the continuum of the T cell differentiation analysis we used the diffusion pseudotime analusis as implemented in

the destiny package (v.3.12.0).30 In short Diffusion Pseudo Time (DPT) is a pseudo timemetric based on the transition probability of a

diffusion process.70 We used the DiffusionMap() function in the destiny package on S4 T cell object generated using the as.Single-

CellExperiment function in the SingleCellExperiment package (v.1.20.1).67

scTCR data processing
TCR reads were aligned to the GRCh38 reference genome and consensus TCR annotation was performed using cellranger vdj (10X

Genomics, version 5.1.1). TCR data were collected for n = 36 out of the 40 biopsy samples, due to technical issues (Table S1). TCR
Cell Reports Medicine 6, 101973, March 18, 2025 e3



Article
ll

OPEN ACCESS
annotation was performed using the 10X cellranger vdj pipeline. If more than one b chain was detected in a cell, then cell was consid-

ered as doublet andwas excluded from further analysis. scRepertoire package63 was used for clonotypes assignment and analysis of

the clonotype dynamics.

TCR analysis
TCR analysis was performed for 36 out of the 40 total biopsy samples included in the study. TCR analysis shown in: Figures 6A and

6B, 6D, 6F-6G; Figure S6B, S6D-S6F, S6H; Figure 7 and Figure S7, was performed in all cells recovered per biopsy sample. TCR

analysis shown in Figures 6C and 6E and Figures S6B-S6C, was performed on a downsampled-equal number of cells (n = 78) per

biopsy sample. Mean clonotype size computed as the ratio between the total number of cells in the sample and the total number

of unique clonotypes was used as a metric of clonal expansion. This metric was chosen for the analysis as it is the most appropriate

for small sample size. To avoid bias from different sample size, computational dowsampling procedure was performed by random

selection of n = 78 cells from each sample (the value of 78 cells were chosen to include of maximum number of available samples to

the analysis while having sufficient number of cells for expansion quanification). Random downsampling to 78 cells was performed

100 times for each sample and the average value of mean clonotype size was calculated.

For TCR clonotype sharing analysis we considered only patients for which paired samples PRE- and ON-treatment were available

(responders: N = 6 patients, non-responders: N = 5 patients). A clonotype was considered as shared if it was detected in both time

points (PRE- and ON-treatment) on the same patient.

As a metric of clonal sharing between timepoints, we used Jaccard index computed as

JðpÞ =

P

i

min
�
NPRE

i ;NON
i

�

P

i

max
�
NPRE

i ;NON
i

�

where summation is carried out across all the unique clonotypes i detected in patient p;NPRE
i andNON

i correspond to number of times

clonotype i is detected in PRE- and ON-treatment time points.

QUANTIFICATION AND STATISTICAL ANALYSIS

For comparison of cluster frequencies between patient groups (R vs. NR; PRE-vs. ON-treatment) statistical differences were as-

sessed using two-way analysis of variance (ANOVA) test (in the case of comparison across more than two groups) or t-test (in the

case of comparison of means between two groups). Analysis was performed using Prism 8; GraphPad Software, version 8.4.2.

When we compare multiple parameters across multiple groups (two-way ANOVA) a multiple comparison testing correction was

applied and adjusted p-values were reported.

In violin plot and barplot representations (see Figure 4E; Figure 5D; Figure S5F), t-tests were performed to compare mean gene

signature expression between the different CD8+ clusters (paired t-test) and in R vs. NR patients, PRE-vs. ON-treatment (unpaired

t-test) using R package ggsignif65 (version 0.6.4); p-values: ns: p-value >0.05; * p-value%0.05; ** p-value%0.01; *** p-value%0.001;

**** p-value%0.0001. Samples were treated as pseudobulks using the AggregateExpression() function of Seurat package. Differen-

tial expression analysis (as shown in Figures 5E and 5F) was performed on samples treated as pseudobulks using the AggregateEx-

pression() function of Seurat package, with red dot denoting significant individual genes with adj p-value <0.05 and fold

change >0.25.

ADDITIONAL RESOURCES

Samples analyzed in the current study derived from patients enrolled in the SYNERGY phase II trial, description: https://clinicaltrials.

gov/study/NCT03616886.
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