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ABSTRACT
Background Next- generation cancer immunotherapies 
are designed to broaden the therapeutic repertoire by 
targeting new immune checkpoints including lymphocyte- 
activation gene 3 (LAG- 3) and T cell immunoglobulin and 
mucin- domain containing- 3 (TIM- 3). Yet, the molecular and 
cellular mechanisms by which either receptor functions to 
mediate its inhibitory effects are still poorly understood. 
Similarly, little is known on the differential effects of dual, 
compared with single, checkpoint inhibition.
Methods We here performed in- depth characterization, 
including multicolor flow cytometry, single cell RNA 
sequencing and multiplex supernatant analysis, using 
tumor single cell suspensions from patients with cancer 
treated ex vivo with novel bispecific antibodies targeting 
programmed cell death protein 1 (PD- 1) and TIM- 3 (PD1- 
TIM3), PD- 1 and LAG- 3 (PD1- LAG3), or with anti- PD- 1.
Results We identified patient samples which were 
responsive to PD1- TIM3, PD1- LAG3 or anti- PD- 1 using an 
in vitro approach, validated by the analysis of 659 soluble 
proteins and enrichment for an anti- PD- 1 responder 
signature. We found increased abundance of an activated 
(HLA- DR+CD25+GranzymeB+) CD8+ T cell subset and 
of proliferating CD8+ T cells, in response to bispecific 
antibody or anti- PD- 1 treatment. Bispecific antibodies, 
but not anti- PD- 1, significantly increased the abundance 
of a proliferating natural killer cell subset, which 
exhibited enrichment for a tissue- residency signature. 
Key phenotypic and transcriptional changes occurred 
in a PD- 1+CXCL13+CD4+ T cell subset, in response 
to all treatments, including increased interleukin- 17 
secretion and signaling toward plasma cells. Interestingly, 
LAG- 3 protein upregulation was detected as a unique 
pharmacodynamic effect mediated by PD1- LAG3, but not 
by PD1- TIM3 or anti- PD- 1.
Conclusions Our in vitro system reliably assessed 
responses to bispecific antibodies co- targeting PD- 1 
together with LAG- 3 or TIM- 3 using patients’ tumor 
infiltrating immune cells and revealed transcriptional 
and phenotypic imprinting by bispecific antibody formats 
currently tested in early clinical trials.

WHAT IS ALREADY KNOWN ON THIS TOPIC
 ⇒ Several recent preclinical studies show improved 
efficacy when combining blockade of programmed 
cell death protein 1 (PD- 1) and either T cell immu-
noglobulin and mucin- domain containing- 3 (TIM- 3) 
or lymphocyte- activation gene 3 (LAG- 3), compared 
with single PD- 1 blockade, but much still remains 
unknown about the mechanistic consequences of 
dual checkpoint blockade, especially in comparison 
to single checkpoint blockade.

 ⇒ Further insights into such mechanisms are required 
to better design future therapeutic strategies.

WHAT THIS STUDY ADDS
 ⇒ In this study, we assessed the single- cell level 
phenotypical and transcriptional consequences 
of treatment with anti- PD- 1 and with PD1- TIM3 
and PD1- LAG3 bispecific antibodies—which 
are currently being tested in different phase I/II 
clinical trials for patients with advanced cancer 
and are designed to engage exhausted T cells—
using patient- derived tumor infiltrating immune 
cells ex vivo.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

 ⇒ These data show that intratumoral T cells ex-
posed to single or dual immune checkpoint 
blockade are capable to alter their transcrip-
tome, phenotype and functionality and like-
ly adopt an active role in shaping the tumor 
microenvironment.

 ⇒ Prospectively, these changes may serve as fu-
ture biomarkers to predict responses to immune 
checkpoint blockade.

 ⇒ Moreover, LAG- 3 surface rearrangement and over-
expression was uncovered as a key consequence 
of LAG- 3 blockade, which may be monitored in the 
clinic to confirm therapeutic antibody binding or 
efficacy.
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BACKGROUND
Immune checkpoint inhibitors targeting cytotoxic 
T- lymphocyte- associated protein 4 (CTLA- 4) or 
programmed cell death protein 1 (PD- 1) and its ligand 
programmed death- ligand 1 (PD- L1) are revolutionizing 
cancer therapy. In the last years, based on prolongation 
of overall survival and durable responses observed even 
in pretreated patients, regulatory approval has been 
obtained for various indications, treatment combinations 
and therapy lines.1–3 One key mechanism known to drive 
successful immune checkpoint inhibition is reinvigoration 
of exhausted T cells.4 T cell exhaustion is a dysfunctional 
state characterized by defined transcriptional and chro-
matin landscapes resulting in impaired effector functions 
and high expression of inhibitory receptors including 
PD- 1, T cell immunoglobulin and mucin- domain contain-
ing- 3 (TIM- 3) and lymphocyte- activation gene 3 (LAG- 3), 
among others.5 6 Furthermore, overexpression of TIM- 3 
and LAG- 3 may be a compensatory mechanism associated 
with secondary or delayed resistance to anti- PD- 1/PD- L1 
therapies.7 8

Although TIM- 3 and LAG- 3 appear to be important for 
T cell exhaustion and successful checkpoint inhibition, 
their signaling pathways and the consequence of their 
blockade in patients, and especially of their combined 
blockade with PD- 1, are still not fully understood.9 In 
particular, TIM- 3 is found on activated T cells, regula-
tory T cells (Tregs) and innate immune cells including 
dendritic cells (DCs), natural killer (NK) cells and 
monocytes, and is described to bind to galectin- 9, carc-
inoembryonic antigen- related cell adhesion molecule 
1, phosphatidylserine and high mobility group box 1.9 
LAG- 3 is a transmembrane protein receptor structurally 
similar to CD4, expressed on activated T cells, Tregs, B 
cells and NK cells. It is known to bind to major histo-
compatibility complex class II molecules as well as to 
galectin- 3, liver sinusoidal endothelial cell lectin and 
fibrinogen- like protein 1.9–13

While the exact signaling pathways of these receptors 
are still under investigation, both LAG- 3 and TIM- 3, 
similarly to PD- 1, have been shown to be physiologically 
required to prevent overactivation and autoimmune reac-
tions by regulating T cell function.9 10 Additionally, LAG- 3 
has been shown to promote Treg cell responses,9 10 while 
TIM- 3 is known to restrain antitumor immunity by regu-
lating inflammasome activation and the yclic GMP- AMP 
synthase; stimulator of interferon genes (cGAS- STING) 
pathway in intratumoral DCs.14 15

In the context of cancer immunotherapy, strate-
gies aimed at single or combined blockade of different 
immune checkpoints including PD- 1, TIM- 3 and/
or LAG- 3 are therefore object of active preclinical and 
clinical investigation. Indeed, dual blockade of PD- 1 
and either TIM- 3 or LAG- 3 results in improved efficacy, 
compared with single PD- 1 blockade in several preclin-
ical models.16–20 Furthermore, recent evidence shows 
a greater clinical benefit when combining LAG- 3 and 

PD- 1 antibodies (Abs), compared to anti- PD- 1 alone, in 
patients with previously untreated advanced melanoma.21

One particular therapeutic approach to simultaneously 
block two inhibitory receptors is the use of bispecific 
Abs (bsAbs), which are molecules designed to recognize 
and engage distinct cell surface receptor epitopes.22–24 
In particular, bsAbs targeting PD- 1 and either TIM- 3 or 
LAG- 3 (later PD1- TIM3 and PD1- LAG3, respectively25 26), 
currently being tested in different phase I/II clinical trials 
for advanced cancer (NCT04140500, NCT04785820, 
NCT05116202, NCT04524871, NCT03708328), are 
designed to re- invigorate exhausted T cells by co- tar-
geting potentially non- redundant checkpoints.

In this work, for the first time, we examined the pheno-
typical and transcriptional landscape of human tumor 
infiltrating immune cells treated with PD1- TIM3, PD1- 
LAG3 and anti- PD- 1. Using an ex vivo approach, we aimed 
o identify pharmacodynamic biomarkers associated with 
dual checkpoint blockade, to directly compare it to single 
checkpoint blockade, and to inform current and future 
clinical investigations.

RESULTS
Identification of human tumor suspensions responsive ex vivo 
to PD1-TIM3, PD1-LAG3 and anti-PD-1
Using the experimental conditions outlined in figure 1A, 
we first identified functional responses in resected tumor 
lesions from patients with cancer exposed ex vivo to 
PD1- TIM3, PD1- LAG3 and anti- PD- 1. A non- targeting 
monoclonal antibody (mAb; DP47) and single PD- 1- 
blocking mAb (modified pembrolizumab) served as 
controls; all mAbs used in this assay contained the P329G- 
LALA mutated Fc backbone, rendering them Fc- gamma 
receptor- binding inert.27 28 Specifically, 21 tumor single 
cell suspensions (later: tumor infiltrating immune cells), 
derived from 19 tumor resections and 2 pleural effusions 
obtained from patients with cancer, were treated with 
bsAbs, anti- PD- 1 or control isotype for 96 hours (online 
supplemental tables S1,S2). Activation and proliferation 
markers CD25 and Ki67 were then measured on CD8+ 
T cells by flow cytometry to assess treatment- induced 
responses (online supplementals figure S1A and table 
S1). Additionally, we investigated the secretion of gamma 
interferon (IFN-γ) on exposure to PD1- TIM3, PD1- 
LAG3 and anti- PD- 1 (figure 1B), the induction of which 
correlated with changes in activation of CD8+ T cells, 
measured by either CD25 or Ki67 expression (online 
supplemental figure S1B). Tumor infiltrating immune 
cells were considered responsive to PD1- TIM3, PD1- 
LAG3 or anti- PD- 1 if a ≥twofold increase (ie, log2 fold 
change (log2FC) ≥1) in IFN-γ secretion was observed, 
compared o the control (figure 1B). Treatment with anti- 
PD- 1 resulted in six responses, while treatments with PD1- 
TIM3 and PD1- LAG3 resulted in five and four responses, 
respectively (figure 1B). Immunophenotyping at baseline 
showed high PD- 1 expression on CD8+ T cells on the 
responsive samples (figure 1C), whereas non- responsive 
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Figure 1 Tumor infiltrating immune cells from selected patients show increased cytokine secretion and T cell activation in 
response to anti- PD- 1, PD1- TIM3 and PD1- LAG3. (A) Schematic depicting treatment of tumor infiltrating immune cells from 
solid tumor (n=19) and pleural effusion (n=2) samples with bsAbs, anti- PD- 1 or control isotype. Treatment (96 hours) was 
followed by assessment of activation by flow cytometry or IFN-γ, classification into responsive or non- responsive samples and 
further characterization by immunophenotyping, single- cell transcriptional analysis or multiplex supernatant analysis. (B) Log2 
fold change (log2FC) in IFN-γ secretion comparing each treated sample (with levels of secretion above limit of detection, 
n of patients=11) to the isotype control. A threshold of 1 log2FC (dotted line) was applied to identify patient samples to be 
considered responsive to in vitro treatment. One responsive patient- derived pleural effusion sample (BS199) was excluded from 
further analyses due to differences in sample preparation. (C) Heatmap showing percentage of expression of selected surface 
markers in each patient tumor suspension samples (n=16) used in the in vitro experiments containing measurable live CD45+ 
cells. (D) PCA plot showing separation of tumor suspension samples (n=11, samples with sufficient supernatant that passed 
quality check) based on multiplex Olink supernatant analysis of 659 protein markers. Classification into responsive or non- 
responsive is indicated by the color legend. bsAbs, bispecific antibodies; IFN, interferon; LAG- 3, lymphocyte- activation gene 3; 
PCA, principal component analysis; PD- 1, programmed cell death protein 1; TIM- 3, T cell immunoglobulin and mucin- domain 
containing- 3.
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samples expressed lower levels of PD- 1 (figure 1C). Of 
note, we observed positive correlations between the FC 
in IFN-γ induced by each compound and the baseline 
PD- 1 expression in each sample assessed (online supple-
mental figure S1C). Using 11 samples, we conducted an 
unbiased multiplex supernatant analysis of 659 soluble 
markers from inflammation and oncology panels using 
Olink technology.29 Principal component analysis (PCA) 
showed separation of the samples considered responsive 
from the samples classified as non- responsive, allowing 
us to further confirm a differential response and validate 
our classification (figure 1D).

We next focused on the four patients defined as func-
tionally responsive to all three treatments (BS558, BS1014, 
BS1030, BS1036, online supplemental tables S1 and S2), 
in order to directly compare single with dual checkpoint 
inhibition within samples derived from the same patients 
and investigate any differential responses to treatment. 
Our in- depth characterization included multicolor flow 
cytometry, single cell RNA sequencing (scRNAseq) and 
multiplex supernatant analysis, to mechanistically under-
stand the consequences of PD1- TIM3 and PD1- LAG3 
treatment.

Multidimensional profiling of tumor infiltrating immune cells 
responsive to PD1-TIM3, PD1-LAG3 and anti-PD-1 treatment
We used a 24- color spectral flow cytometry panel (online 
supplemental table S3) to investigate phenotypic changes 
induced by PD1- TIM3, PD1- LAG3 or single PD- 1 blockade 
on the four responsive samples. Using FlowSOM clus-
tering on logicle transformed markers expression (as 
previously described30) (online supplemental figure S2A), 
we defined the cell populations indicated in figure 2A, 
namely CD4+ PD- 1low, CD4+ PD- 1+, CD4+ PD- 1+CXCL13+, 
CD45–, CD45+ HLA- DR+, CD45lowPD- 1hi, CD8+ activated 
(HLA- DR+CD25+GranzymeB+), CD8+ T, NK, Tregs and 
Tregs activated (CD56+). We observed an increase in 
the proportion of activated CD8+ T and a decrease in 
CD45– cells on bsAb or single anti- PD- 1 treatment, in line 
with our previous results (figure 2B,C). The decrease 
in CD45– cells may partly suggest killing or decreased 
survival of tumor cells within the treated cultures. Addi-
tionally, the activated CD8+ population presented signifi-
cant upregulation of Ki67 and HLA- DR comparing each 
treatment with control (figure 2D). Overall, the effects 
were consistent across patients with some variations in 
the relative frequencies of different immune cell popula-
tions (online supplemental figure S2B). We assessed the 
expression of the inhibitory receptors PD- 1, TIM- 3 and 
LAG- 3 on CD8+ and CD4+ T cells from the four patient 
samples, before treatment (online supplemental figure 
S2C). We observed high levels of expression of PD- 1 in 
CD8+ (86.6%±7.4) and CD4+ T cells (66.1%±6.4) from 
all samples as well as expression of TIM- 3 (36.4%±26.3 
on CD8+; 7.1%±6 on CD4+) and LAG- 3 (10.8%±10.9 
on CD8+; 12.7%±5 on CD4+) and their co- expression 
with PD- 1 (33.5%±26.4 PD- 1+TIM- 3+ on CD8+; 7.5%±6 
PD- 1+TIM- 3+ on CD4+; 9%±10 PD- 1+LAG- 3+ on CD8+; 

8.7%±5.2 PD- 1+LAG- 3+ on CD4+) (online supplemental 
figure S2C). Of note, BS1036—obtained from a patient 
with metastatic melanoma progressing on combined 
treatment with ipilimumab and nivolumab—showed the 
highest levels of TIM- 3 expression as well as co- expression 
of TIM- 3 and PD- 1 on CD8+ T cells (online supplemental 
figure S2C, online supplemental table S2). In order to 
further dissect the immunological responses to PD1- 
TIM3, PD1- LAG3 and anti- PD- 1, we next visualized the 
top differentially regulated proteins from the multiplex 
supernatant analysis of responsive samples (figure 2E). 
As expected, IFN-γ appeared to be the top differentially 
upregulated protein, comparing each treatment with the 
control isotype, independently validating our previous 
(ELISA) results (figure 2E, online supplemental figure 
S2D). Figure 2E shows significantly upregulated soluble 
proteins shared by PD1- TIM3, PD1- LAG3 and anti- PD- 1, 
including interleukin- 17A (IL- 17A), lymphotoxin, TNF 
Receptor Superfamily Member 4 (ie, OX40), CD40- 
ligand (CD40L) and chemokine (C- X- C motif) ligand 
9 (figure 2E). In contrast, figure 2F exhibits treatment- 
specific effects, including downregulation of Biglycan 
after treatment with PD1- LAG3, upregulation of GalNAc 
transferase 7 and SLAM Family Member 8 after treatment 
with PD1- TIM3. Fibroblast growth factor 21 was downreg-
ulated after PD1- TIM3 and PD1- LAG3 treatments, but 
not by anti- PD- 1 (figure 2F). Taken together, these data 
show an increase in activated and proliferating CD8+ T 
cells in response to treatment with PD1- TIM3, PD1- LAG3 
or anti- PD- 1; in addition, secretome analysis uncovered 
treatment- specific effects which may include direct and 
indirect downstream consequences of single and dual 
checkpoint blockade.

Single-cell transcriptional analysis of tumor infiltrating 
immune cells responsive to PD1-TIM3, PD1-LAG3 and anti-
PD-1 in vitro
Next, in order to investigate the transcriptional landscape 
of immune cells exposed to single or dual checkpoint 
blockade, we conducted scRNAseq of tumor infiltrating 
immune cells (CD45+) sorted from responsive samples 
after 48 and 96 hours of exposure to PD1- TIM3, PD1- 
LAG3, anti- PD- 1 and the isotype control (figure 3A). We 
additionally performed Cellular Indexing of Transcrip-
tomes and Epitopes by Sequencing (CITE- seq) for nine 
immune cell lineage markers. A total of 31 individual 
samples were ultimately used to perform scRNA- seq using 
the 10x Genomics Chromium 3’ platform (figure 3A). 
The sequencing statistics and average reads per cell are 
detailed in online supplemental file S1. After applying 
patient- specific filtering thresholds, we retained a total 
of 246 996 single live cells from the four responsive 
tumor suspensions. We initially performed dimension-
ality reduction and clustering separately for each patient 
(figure 3B, online supplemental figure S3A- D) to retain 
patient- specific clusters and avoid forceful integration of 
cell types. To perform a signature- based automated cell 
type annotation of each patient’s cluster, we used a single 
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Figure 2 Multidimensional immune- profiling of tumor suspensions that show ex vivo responsiveness to bsAbs or anti- PD- 1 
treatment. (A) tSNE plots of pooled treatment conditions from the four responsive patients showing cell- type annotation 
(treatment of 96 hours; n patients=4, n treatments=4, total n analyzed samples=16). (B) tSNE plots showing identified cell 
types for pooled patient samples, split by treatment (left). Bar plots showing the proportion of each identified cell type out of 
all the cells in each treatment (patients are pooled, right). (C) Proportion of CD8+ T and CD45– cells from the four responsive 
tumor suspension in different treatment conditions. Clustering was conducted using FlowSOM (*p<0.05, **p<0.01, one- way 
ANOVA with multiple comparisons). (D) Median marker intensity of Ki67 and HLA- DR on the activated CD8+ population in the 
four responsive tumor suspensions in different treatment conditions. Clustering was conducted using FlowSOM (*p<0.05, 
**p<0.01, ***p<0.001, one- way ANOVA with multiple comparisons). (E) Heatmap of top significantly differentially regulated 
proteins, obtained by running a linear model using limma, from the multiplex supernatant analysis, in the four responsive tumor 
suspensions across different treatment versus control comparisons. (F) Normalized protein expression (NPX) of indicated 
soluble markers in the four responsive tumor suspensions which show significant differences (FDR <0.05) in different treatment 
versus control comparisons (BGN: comparing PD1- LAG3 with all other treatments; FGF21: comparing PD1- TIM3 or PD1- 
LAG3 with isotype or anti- PD1; GALNT7: comparing PD1- TIM3 with all other treatments; SLAMF8: comparing PD1- TIM3 with 
PD1- LAG3) measured by Olink analysis. ANOVA, analysis of variance; bsAbs, bispecific antibodies; BGN, Biglycan; CD40L, 
CD40- ligand; CXCL9, chemokine (C- X- C motif) ligand 9; FDR, false discovery rate; FGF21, fibroblast growth factor 21; GALNT7, 
GalNAc transferase 7; IFN, interferon; IL- 17A, interleukin- 17A; LAG- 3, lymphocyte- activation gene 3; LOD, limit of detection; 
LTA, lymphotoxin; PD- 1, programmed cell death protein 1; SLAMF8, SLAM Family Member 8; TIM- 3, T cell immunoglobulin 
and mucin- domain containing- 3; TNFRSF4, TNF Receptor Superfamily Member 4; tSNE, t- distributed stochastic neighbor 
embedding.
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Figure 3 Single- cell transcriptional analysis of the activity of PD1- TIM3, PD1- LAG3 and anti- PD- 1 in vitro. (A) Schematic 
depicting treatment of tumor suspensions from the four responsive solid tumor samples with bsAbs, anti- PD- 1 or control 
isotype for 48 and 96 hours, followed by CITE- seq staining and sorting for CD45+ cells before running 10x Genomics 3’ 
scRNAseq protocol. After filtering and quality check, a total of 246 996 CD45+ cells were ultimately obtained from 31 individual 
samples, while one sample failed after 10x chip loading. (B) uniform manifold approximation and projection (UMAP) of CD45+ 
cells, split by each patient (indicated above). Cell types were annotated using a custom ‘overlapping cluster ID’ to then merge 
the samples deriving from different patients. (C) UMAP of final filtered and annotated cells, with all patients merged and batch 
adjusted as described in the methods. (D) Dot plot showing the average gene expression and the percentage of cells expressing 
the genes indicated at the bottom, per each annotated cell type. The genes were categorized as exhaustion, stemness, 
cytotoxicity and proliferation markers. (E) Box plots showing a significant difference (Wilcoxon paired signed rank test) in the 
PD- 1 response score, calculated as indicated in the methods using previously published data,33 between the indicated cell 
types in the isotype control (left) or anti- PD- 1- treated (right) conditions (**p<0.01, ****p<0.0001). bsAbs, bispecific antibodies; 
LAG- 3, lymphocyte- activation gene 3; NK, natural killer; PD- 1, programmed cell death protein 1; scRNAseq, single cell RNA 
sequencing; IM- 3, T cell immunoglobulin and mucin- domain containing- 3.
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cell analysis toolkit platform (Besca31). A custom- made 
overlapping cluster ID was subsequently applied to allow 
merging of the cells from each patient (online supple-
mental file S2). We then merged the annotated clus-
ters and batch- corrected the cells for the patient effect 
using batch balanced k nearest neighbors (BBKNN)32 
(figure 3C, online supplemental figure S4A- B).

The resulting 19 clusters included several distinct T cell, 
NK cell, B cell, CD117+ progenitor- like and myeloid cell 
populations as well as specific proliferating T cell and NK cell 
clusters (figure 3C). Matched CITE- seq allowed confirma-
tion of the protein expression of nine main lineage markers 
(online supplemental figure S4C). Figure 3D shows the 
average expression of known exhaustion, stemness, cytotox-
icity and proliferation markers on each cluster, in accordance 
with our cluster annotation, indicating that expected gene 
expression patterns are observed in different proliferating, 
naïve or progenitor (TCF7-expressing) and exhausted tumor- 
infiltrating cell types. In order to investigate whether the expo-
sure to anti- PD- 1 in the four responsive samples was inducing 
similar transcriptional effects observed in patients treated 
with anti- PD- 1, we derived a response score using a published 
scRNAseq dataset of tumors from patients with melanoma 
treated with pembrolizumab33 (online supplemental figure 
S4D). By testing enrichment of the PD- 1 responder score 
in different B cells, CD4+, CD8+ T cells and NK cells in our 
dataset, we found that this was significantly higher in the 
anti- PD- 1- treated condition (figure 3E), compared with 
isotype control. These data indicate that the single- cell level 
transcriptional response observed in the responsive samples 
upon exposure to anti- PD- 1 is similar to that of patients which 
respond to pembrolizumab, further validating our in vitro 
approach.

Therefore, we next set out to investigate treatment- 
specific effects on the abundance and transcriptional 
profile of each identified cell type.

Differential changes in cell-type abundance driven by single 
or dual checkpoint inhibition
Having defined the cell- types within our scRNAseq 
dataset of responsive tumor infiltrating immune cells, we 
next investigated whether we could see changes in cell- 
type abundance by running a linear model, comparing 
each treatment with the control isotype.

We observed significant increases in the proportion 
of proliferating cell subsets, consistent across patients, 
in response to PD1- TIM3, PD1- LAG3 or anti- PD- 1 treat-
ment (figure 4A, X indicates an adjusted p value <0.05), a 
finding that is in accordance with the significantly higher 
Ki67 expression on different T cells and NK cells clusters 
which we measured by flow cytometry (figure 4B).

Surprisingly, most significant changes in abundance, namely 
in the proportion of CD8+ proliferating cells (figure 4A), and 
Ki67 expression (figure 4B) were shared between bsAbs and 
anti- PD- 1, indicating that the observed changes in prolifera-
tion were mainly driven by PD- 1 blockade alone. However, 
PD1- TIM3, at both timepoints, and PD1- LAG3, at 96 hours, 
significantly increased the proportion of proliferating NK 

cells (figure 4A), in which we observed HAVCR3 (TIM- 3) and 
LAG3 expression (online supplemental figure S4E). Addi-
tionally, PD1- LAG3 increased the proportion of proliferating 
CD4+ T cells more rapidly than other treatments (ie, already 
at the 48- hour timepoint), although this effect was not signif-
icant (figure 4A). Importantly, PD1- LAG3 treatment signifi-
cantly decreased the proportion of CD4+CXCL13+ cells at 
both timepoints, while anti- PD- 1 significantly decreased the 
proportion of the naïve progenitor (TCF7-expressing) CD8+ 
cluster at 96 hours. The observed decreases may suggest 
changes in the fate of each cluster toward different states, 
such as the proliferating state (ie, a decrease of a cell type may 
result in the increase of another cell type). In order to better 
understand these findings, we next set out to investigate the 
cell trajectories of CD8+ and conventional CD4+ T cells within 
our dataset.

Differentiation toward a proliferating state is enhanced in 
human tumor infiltrating immune cells treated with single or 
dual inhibitory receptor blockade
To investigate where each proliferating cluster may be posi-
tioned in an underlying biological trajectory, we performed 
scVelo34 on all CD8+ T cell clusters and separately on conven-
tional CD4+ T cell clusters (from the 96- hour timepoint). Our 
analysis revealed two putative initial states and two terminal 
states in each lineage (figure 4C,D). The inferred RNA 
velocity dynamics of the CD8+ T cell clusters are shown in 
figure 4C and suggest that the ‘initial state’ naïve progenitor 
CD8+ T cell (which expresses TCF7) can differentiate toward 
‘terminal state’ effector—exhausted cluster and partly 
toward the ‘terminal state’ proliferating cluster (figure 4C, 
online supplemental figure S5A). Furthermore, the prolifer-
ating CD8+ cluster was classified as both putative initial and 
terminal state and the RNA velocity dynamics point toward a 
self- amplifying, cycling state (figure 4C, online supplemental 
figure S5A). Similarly, in the CD4+ lineage, we identified 
naïve and proliferating as initial states and CD4+CXCL13+ 
and proliferating clusters as terminal states (figure 4D, online 
supplemental figure S5B), with the proliferating cluster also 
appearing to be self- amplifying (figure 4D, online supple-
mental figure S5B).

As we did not observe multiple NK cell clusters in our 
dataset which would have allowed us to calculate putative 
biological trajectories, we characterized the proliferating NK 
cell cluster by investigating the enrichment for previously 
described NK core signature genes associated with either 
a conventional phenotype (cNK) or with tissue- residency 
(trNK). Interestingly, we observed a significant enrichment 
of the trNK signature, which includes genes such as ITGA1 
and ITGAE, CD69 and ENTPD1, in the proliferating NK cell 
cluster, indicating that these cells may be differentiating 
from or into tissue resident- like NK cells (figure 4E). Taken 
together, our cell abundance and trajectory analyses suggest 
that treatment with either PD1- TIM3, PD1- LAG3 or anti- PD- 1 
shifts the balance of either CD8+ and CD4+ T cells toward a 
proliferating, self- amplifying state, rather than toward the 
exhausted (for CD8+) or PD- 1+CXCL13+ (for CD4+) cell- 
types, and we additionally observed that PD1- TIM3 and 
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PD1- LAG3- expanded proliferating NK cells present tissue- 
residency features.

Cluster-specific pathway and gene level changes in response 
to PD1-TIM3, PD1-LAG3 and anti-PD-1 treatment
In order to further characterize the transcriptional 
response to bsAbs or anti- PD- 1 treatment, we investigated 

pathway and gene level changes by conducting pseudobulk- 
based differential gene expression analysis using the 
scRNAseq dataset.

The full list of differentially expressed genes that 
were changing in response to treatment in each cluster 
is reported in online supplemental file S3. Importantly, 

Figure 4 RNA velocity toward a proliferating state is enhanced in human tumor infiltrating immune cells treated with single 
or dual inhibitory receptor blockade. (A) Differential abundance analysis of cell types in different conditions and at different 
timepoints across patients. The heatmap shows the log fold change (logFC) between each treatment- control comparison 
indicated at the bottom (per timepoint). Significant (FDR <0.1) changes are indicated with an X. Mean frequency (%) of each 
cell type out of the total number of cells is also indicated in the color legend. (B) Percentage expression of Ki67 on different T 
cell or NK cell clusters, manually gated (*p<0.05, **p<0.01, one- way ANOVA with multiple comparisons). (C) UMAP of CD8+ 
T cell subsets from pooled conditions (all treated cells from the 96- hour timepoint) with projected RNA velocity vectors (top) 
and putative initial and terminal (bottom) states. (D) UMAP of conventional CD4+ T cell subsets (excluding Treg cells) from 
pooled conditions (all treated cells from the 96- hour timepoint) with projected RNA velocity vectors (top) and putative initial 
and terminal (bottom) states. (E) Violin plot showing cNK or trNK signature score distribution in cells from the proliferating NK 
cluster, calculated using AddModuleScore function within Seurat in R; p value was determined with a Wilcoxon paired test. 
ANOVA, analysis of variance; cNK, conventional NK; FDR, false discovery rate; NK, natural killer; trNK, tissue- resident NK; Treg, 
regulatory T cell.

https://dx.doi.org/10.1136/jitc-2022-005548
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we observed the most significantly different gene expres-
sion changes in the CD4+CXCL13+ cluster, in response 
to all treatments. Figure 5A shows the top differentially 
expressed genes which were significant in any of the 
comparison (each treatment compared with control 
isotype) within this cluster. Differentially expressed genes 
in response to all treatments included IL17A, ADGRG5, 
RAB28, MYOF, IL2RA and CXCL10, while IL- 21 was 
found upregulated in response to PD1- LAG3 (figure 5A). 
Accordingly, we observed protein expression changes in 
the CD4+CXCL13+ population by flow cytometry; namely, 
increases in the expression of Ki67 between PD1- LAG3 
and isotype and increase in the expression of HLA- DR, 
CD25 and 4- 1BB between each treatment and isotype 
(figure 5B, online supplemental figure S6A). Addition-
ally, the analysis of differentially expressed genes indi-
cates that the increased levels of IL- 17A in response to 
bsAbs or anti- PD- 1 (figure 5C, figure 2E) are likely to be 
due to secretion by CD4+CXCL13+ cells.

Moreover, we observed upregulation of immunoglob-
ulin genes, such as IGLV3- 19, IGHV3- 64 and IGLV4- 60 in 
the plasma cell cluster, in response to all treatments, which 
may suggest an increase in immunoglobulin production 
(figure 5D). Of note, the majority of gene level changes 
was stronger after 48 hours of treatment in all compari-
sons (figure 5A,D).

Using the pseudobulk analysis output, we addition-
ally calculated the normalized enrichment score for 
each gene set from the MSigDB Hallmark collection35 
within the identified clusters, comparing each treatment 
with the control isotype. Our analysis revealed positive 
enrichment for several different gene sets, including IL2- 
STAT5, IL6- JAK- STAT3, INFLAMMATORY RESPONSE 
and INTERFERON- ALPHA RESPONSE in distinct clus-
ters (online supplemental figure S6B). Importantly, the 
changes, compared with control isotype, were overall 
shared by either bsAb or anti- PD- 1 treatment and we 
observed the most changes in the CD4+CXCL13+, Treg 
cell and plasma cell clusters, in accordance with our 
pseudobulk gene expression analysis (online supple-
mental figure S6B). Of note, among the CD8+ clusters, we 
mainly observed differences, shared by all treatments, in 
the naïve progenitor population (TCF7-expressing) and 
not in the effector—exhausted or cytotoxic populations 
(online supplemental figure S6B), potentially suggesting 
differences in plasticity or susceptibility to perturbation 
between these CD8+ clusters.

Cell-cell interactions between CD4+CXCL13+ cells and plasma 
cells are enhanced on PD1-TIM3, PD1-LAG3 or anti-PD-1 
treatment of tumor infiltrating immune cells
Our differential gene expression analysis revealed, within 
the CD4+CXCL13+ cluster, upregulation of IL- 17 by all 
treatments and IL- 21 by PD1- LAG3 (figure 5A,C), which 
are genes encoding for cytokines known to enhance B 
cell/plasma cell responses.36–38 We therefore hypothe-
sized potential communication, including via these cyto-
kines, between CD4+CXCL13+ and plasma cells, in which 

we observed upregulation of immunoglobulin genes by 
all treatments (figure 5D). This hypothesis led us to inves-
tigate whether treatment with bsAbs or anti- PD- 1 deter-
mined changes in cell- cell interactions between these cell 
types within our in vitro system. Using CellChat,39 we found 
an increase in the number of signaling interactions, from 
CD4+CXCL13+ cells to plasma cells, in each treatment, 
compared with the isotype (figure 5E). Anti- PD- 1 treat-
ment determined the highest increase in interactions, 
followed by PD1- LAG3 and PD1- TIM3 (figure 5E).

We next visualized which ligand- receptor pairs were 
mediating the communications from CD4+CXCL13+ 
toward plasma cells, in each treatment condition 
(figure 5F). While most receptor- ligand pairs were shared 
across treatments and control, including CD40- CD40L, 
our analysis identified putative PD1- TIM3 and PD1- LAG3 
treatment- specific pairs namely ADREG5 (CD97)- CD55 
in both treatments, and TNFRSF17- TNFRSF13B as 
well as TNFRSF14- BTLA in PD1- LAG3 (figure 5F). Of 
note, CD40L was found among the top differentially 
upregulated proteins in all treatments within the multi-
plex supernatant analysis (figure 2E, online supple-
mental figure S6C). We additionally assessed whether 
CD4+CXCL13+ cells may be directly affected by single 
or dual inhibitory receptor blockade, by visualizing the 
expression of PDCD1 (PD- 1), HAVCR2 (TIM- 3) and LAG3 
in our dataset. We observed high gene co- expression of all 
three receptors in this cluster, as well as in the effector—
exhausted, effector—cytotoxic CD8+ clusters and the 
proliferating clusters (online supplemental figure S6D). 
Taken together, these data suggest that single or dual 
checkpoint blockade may directly trigger PD- 1, TIM- 3 
and LAG- 3- expressing CD4+CXCL13+ to secrete B cell- 
activating cytokines, including IL- 17, IL- 21 and CD40 
ligand.

LAG-3 surface upregulation is an anti-LAG-3-specific effect 
which does not require anti-PD-1
Our scRNAseq analysis identified transcriptional and 
cell- abundance changes, many of which were shared in 
response to PD1- TIM3, PD1- LAG3 and anti- PD- 1. This 
indicates that most of the molecular effects observed may 
be first driven by blockade of PD- 1. Given that our tools, 
namely our specific Ab formats and our in vitro system, 
offered a unique opportunity to directly compare single 
with dual checkpoint inhibition and tease out potential 
differential responses, we set out to identify further pheno-
typic effects which may distinguish anti- PD- 1 treatment 
from dual PD- 1- TIM- 3/LAG- 3 blockade, by conducting 
additional mining of our flow cytometry dataset.

We applied the scaled and transformed30 fluorescence 
intensities of each marker on all cell populations (defined 
as described above) and batch- adjusted by patient (using 
ComBat in R40). We then visualized the similarity between 
all control and treated samples with a multidimensional 
scaling (MDS) plot (figure 6A, online supplemental 
figure S7A). As expected, we observed a clear separa-
tion of control isotype from the treated samples (online 
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Figure 5 Transcriptional changes are induced by single or dual checkpoint blockade within CD4+CXCL13+ cells which 
influence interaction with plasma cells. (A) Top differentially expressed genes showing strongest change among all contrasts 
(average logCPM >0, adjusted p value <0.05) in the CD4+CXCL13+ cluster. (B) Median marker intensity of Ki67, HLA- DR, 4- 
1BB and CD25 on the CD4+CXCL13+ population in the four responsive tumor suspension in different treatment conditions. 
Clustering was conducted using FlowSOM (*p<0.05, **p<0.01, ***p<0.001, one- way ANOVA with multiple comparisons). (C) of 
IL- 17A measured by Olink technology in the supernatant of the four responsive tumor suspension across different treatment 
versus control comparisons (FDR <0.05, comparing each treatment with control isotype). (D) Top differentially expressed genes 
showing strongest change among all contrasts (average logCPM >0, adjusted p value <0.05) in the plasma cell cluster. (E) Circle 
plots showing the differential number of interactions between the CD4+CXCL13+ and the plasma cell clusters, in each treatment 
compared with control, at 96 hours. Calculated using Cellchat.39 (F) Chord diagram of ligand- receptor pairs were mediating 
the communications from CD4+CXCL13+ toward plasma cells, in each treatment or control condition, at 96 hours, calculated 
using Cellchat.39 ANOVA, analysis of variance; CPM, counts per million; FDR, false discovery rate; IL- 17A, interleukin- 17A; 
LAG- 3, lymphocyte- activation gene 3; PD- 1, programmed cell death protein 1; TIM- 3, T cell immunoglobulin and mucin- domain 
containing- 3.
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Figure 6 LAG- 3 surface upregulation is an anti- LAG- 3- specific effect which does not require anti- PD- 1. (A) Multidimensional 
scaling plots of each indicated sample, based on the scaled and transformed fluorescence intensities of each marker on all 
cell populations and batch- adjusting by patient (using ComBat in R40), indicating the distance in similarity between samples. 
(B) Volcano plot depicting differentially expressed markers (logFC >|1.5|, adjusted p value <0.05) within each cell subset 
across patients in the PD1- LAG3- treated condition compared with the isotype control. The color legend indicates significant 
values according to the indicated thresholds. The values were obtained by running a linear mixed model using the median 
marker intensities of each population based on FlowSOM clustering. (C) Median marker intensity of LAG- 3 on different T 
cell populations in the four responsive tumor suspensions in different treatment conditions. Clustering was conducted using 
FlowSOM (*p<0.05, **p<0.01, ***p<0.001, ****p<0.0001, one- way ANOVA with multiple comparisons). (D) Representative dot 
plots showing expression of PD- 1 and LAG- 3 on CD8+ or CD4+ T cells from patient BS1030 tumor suspension in indicated 
treatment conditions. (E) Frequency of LAG- 3+CD8+ (left) or CD4+ (right) T cells from healthy donor PBMCs, treated with isotype 
control, anti- PD- 1, PD1- TIM3, PD1- LAG3 or an anti- LAG- 3 antibody. P value was obtained by running two- way ANOVA with 
multiple comparisons (*p<0.05). Each dot indicates and independent PBMC donor (n=4). (F) Geometric MFI of LAG- 3 surface 
expression on CD8+ (left) or CD4+ (right) T cells from anti- CD3 (clone OKT3) prestimulated healthy donor PBMCs, treated 
with isotype control, anti- PD-, PD1- TIM3 or PD1- LAG3 in the presence or absence of Brefeldin A. P value was obtained by 
running two- way ANOVA with multiple comparisons (*p<0.05). MFI is normalized to the isotype control, each dot indicates 
and independent PBMC donor (n=3). (G) UMAP projections showing average LAG- 3 expression in all cells deriving from 
different treatment conditions. ANOVA, analysis of variance; FC, fold change; LAG- 3, lymphocyte- activation gene 3; MFI, 
mean fluorescence intensity; PBMC, peripheral blood mononuclear cell; PD- 1, programmed cell death protein 1; TIM- 3, T cell 
immunoglobulin and mucin- domain containing- 3.
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supplemental figure S6A, up). Of note, we observed a 
separation of the PD1- LAG3- treated samples from samples 
treated with either PD1- TIM3 or anti- PD- 1 (figure 6A). 
This separation was even more striking when using the 
median fluorescence intensities of manually gated popu-
lations (online supplemental figure S7A, down, gating as 
per online supplemental figure S7B). As these observa-
tions may highlight a novel mechanism worthy of future 
exploration, we elucidated this effect by running a linear 
mixed model to identify PD1- TIM3/LAG3- specific differ-
entially expressed markers on each FlowSOM clustered 
population (online supplemental figure S7C, figure 6B). 
The full list of differentially expressed markers on each 
population is indicated in online supplemental tables S4 
and S5. Using this method, we identified LAG- 3 upregu-
lation on CD8+ and CD4+PD- 1+CXCL13+ clusters among 
the top differentially expressed markers (figure 6B). 
This upregulation was even more evident when running 
a linear mixed model on manually gated populations 
(online supplemental figure S7D, gated as per online 
supplemental figure S7B). We next visualized LAG- 3 
marker expression and observed striking PD1- LAG3- 
driven upregulation on different subsets of CD8+ T and 
CD4+ T cell clusters (figure 6C). Of note, such upregula-
tion was most pronounced in the CD4+CXCL13+ cluster 
(figure 6C). Figure 6D shows a representative dot plot of 
LAG- 3 and PD- 1 expression on CD8+ and CD4+ T cells 
from patient BS1030, treated with isotype control or 
PD1- LAG3.

To dissect the contribution of anti- PD- 1 in the observed 
LAG- 3 upregulation following PD1- LAG3 treatment, we 
treated anti- CD3 pre- activated healthy donor peripheral 
blood mononuclear cells (PBMCs) with isotype control, 
anti- PD- 1, PD1- TIM3, PD1- LAG3 and a single LAG- 3- 
blocking Ab. Interestingly, we observed LAG- 3 upregu-
lation in the PD1- LAG3 or single anti- LAG- 3 conditions, 
but not with the isotype, anti- PD- 1 or with PD1- TIM3 
(figure 6E).

Furthermore, in order to better understand the mech-
anism of LAG- 3 upregulation in response to PD1- LAG3, 
we treated healthy donor PBMCs with isotype, anti- PD- 1, 
PD1- TIM3 or PD1- LAG3 in the presence or absence of 
protein transport inhibitor Brefeldin A (figure 6F). Abro-
gation of protein transport to the cell surface inhibited 
treatment- induced LAG- 3 upregulation. Of note, we did 
not observe upregulation of LAG3 mRNA in the PD1- 
LAG3- treated condition (figure 6G).

Our results reveal LAG- 3 upregulation as an anti- LAG- 
3- specific effect which does not require anti- PD- 1 and is 
likely due to transport and reorganization of pre- existing 
intracellular stores of LAG- 3 molecules to the cell surface, 
rather than de novo transcription, in response to LAG- 3 
blockade.

DISCUSSION
Inhibitory receptors (immune checkpoints) are found 
upregulated and co- expressed on CD8+ T cells and 

correlate with increasing states of dysfunction and stages 
of cancer.4 41 Increased immune checkpoint co- expres-
sion may also constitute a compensatory resistance mech-
anism in the context of anti- PD- 1 treatment.42 43 Indeed, 
a metastatic melanoma sample from a patient pretreated 
with nivolumab and ipilimumab (BS1036) included in this 
study, presented very high level of co- expression of TIM- 3 
and PD- 1 on CD8+ T cells. Targeting multiple inhibitory 
receptors is an attractive new strategy in cancer immuno-
therapy with preclinical and clinical evidence showing a 
significant benefit in (co)- targeting PD- 1, TIM- 3, LAG- 3 
and TIGIT (T cell immunoreceptor with immunoglob-
ulin and ITIM domains), among other immune check-
points, using different modalities.9 21 44 While such studies 
ultimately show an advantage to targeting multiple inhib-
itory receptors in terms of efficacy,9 18 45 clear differential 
responses which distinguish single from dual checkpoint 
blockade are still unknown.

As both the bsAbs and the anti- PD- 1 mAb used in this 
study present with the same PD- 1- targeting moiety,25–27 
our study offered a unique opportunity to directly 
compare single with dual checkpoint inhibition and tease 
out such potential differential responses.

Our study uncovered several protein- level and tran-
scriptional patterns of response which were shared by 
single and dual checkpoint blockade and may therefore 
be primarily PD- 1- driven. Additionally, we described dual 
checkpoint blockade- driven effects, including expansion 
of proliferating NK cells, downstream secretome changes 
and upregulation of surface LAG- 3 protein, among other 
differential responses which we here discuss in depth.

As functional T cell exhaustion and its reversal are 
highly dependent on T cells localized within the tumor,4 
we examined whether PD1- TIM3 and PD1- LAG3 were 
able to stimulate tumor infiltrating immune cells freshly 
obtained from patients with cancer. We used a combina-
tion of IFN-γ as a measure of T cell activity46 together with 
a flow cytometric assessment of T cell activation markers 
Ki67 and CD25. Using this approach, we screened 21 
patient- derived tumor single cell suspensions for signals 
of T cell activity under single or dual inhibitory receptor 
blockade, with 4 out of 21 patient samples showing such 
signals of activation in the absence of additional stim-
ulation. We focused on samples responsive ex vivo to 
PD1- TIM3, PD1- LAG3 and anti- PD- 1, (ie, samples which 
showed increased IFN-γ secretion as well as activated 
and/or proliferating T cells) to directly compare single 
with dual checkpoint inhibition within samples derived 
from the same patients. We observed specific treatment- 
induced changes in the immune microenvironment at 
the cellular, secretome and transcriptional level. These 
were specific to the responsive samples in contrast to the 
non- responsive ones. Similarly, we previously observed 
that tumor- resident immune cells can be reactivated ex 
vivo and that the immunological responses measured ex 
vivo can be predictive of clinical response.47

Our analysis was confirmed using a published dataset 
of anti- PD- 1 responder patients,33 which together with 
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our PCA analysis of 659 soluble markers, further corrobo-
rates the idea that our responsive samples present specific 
cellular and transcriptional features predictive of clinical 
responses. This analysis therefore served as a confirma-
tion for our experimental approach, validating it as an 
appropriate system to model responses to checkpoint 
inhibition. The changes measured in our system could 
be informative for pharmacodynamic analyses in current 
and future clinical trials which recruit patients with 
different indications in escalating dose levels. Mirroring 
the latter, we decided to include patients with different 
tumor types in our cohort. Yet, while this potentially 
increases heterogeneity, it may however introduce varia-
tions in our analysis.

Although we focused our mechanistic comparisons on 
the four patients that responded to all treatments (PD1- 
TIM3, PD1- LAG3 and anti- PD- 1), our in vitro approach 
identified six samples responsive to treatment with anti- 
PD- 1, while treatments with PD1- TIM3 and PD1- LAG3 
resulted in five and four responses, respectively.

We believe differences in number of in vitro responses 
across treatments could be at least partly explained by 
differential PD- 1, TIM- 3 and LAG- 3 expression. Indeed, 
we observed significant correlations between the FC in 
IFN-γ induced by each compound to the baseline PD- 1 
expression in each sample assessed, suggesting that the 
higher the PD- 1 expression the higher is the response to 
PD- 1 blocking. Furthermore, our assessment of TIM- 3, 
LAG- 3 and PD- 1 expression on the responsive samples 
shows that PD- 1 expression is consistently higher on CD8+ 
and CD4+ T cells in all patients, compared with TIM- 3 and 
LAG- 3 expression levels, which were more variable across 
patients. These data may at least partly explain why anti- 
PD- 1 treatment resulted in the highest number of in vitro 
responses.

Importantly, our immunophenotyping and scRNAseq 
analyses identify the presence of a CD4+CXCL13+ cluster 
which is also found activated and undergoes a number 
of pathway and gene- level changes on bsAbs or anti- PD- 1 
treatment. Several lines of evidence from the literature 
point to a role for CD4+CXCL13+ Tfh or intratumoral Tfh- 
like cells, besides CD8+PD1hiCXCL13+ T cells, to influence 
other immune cells within the tumor microenvironment 
and responses to checkpoint inhibition.38 48 49 49 50 50 51

The chemokine CXCL13 and Tfh cells within the 
tumor microenvironment play key roles as B cell attrac-
tants and modulators of tertiary lymphoid structures, 
respectively,52 53 with the latter being implicated as a prog-
nostic factor for improved patient survival and clinical 
outcomes under immunotherapy in recent studies.52 53 
Indeed, our scRNAseq analysis revealed that the respon-
sive tumor samples contained large B cell and plasma cell 
clusters. The presence of these and the CD4+CXCL13+ 
(Tfh) cluster may be an important determinant of these 
samples’ potential to respond to treatment in vitro.

As mentioned above, the CD4+CXCL13+ Tfh cluster 
undergoes several gene, pathway- level and phenotypic 
changes under treatment, measured in our scRNAseq 

and flow cytometry analyses. Specifically, we observed 
display of an activated phenotype with increased HLA- 
DR, 4- 1BB and CD25 surface expression and upregulation 
of genes for cytokines IL- 21, with PD1- LAG3, and IL- 17, 
with all treatments. In parallel, we observed upregulation 
of immunoglobulin genes in the plasma cell cluster, in 
response to each treatment, at the 48 hours timepoint. 
We additionally observed significantly increased secre-
tion of IL- 17 and CD40L, which can activate professional 
antigen presenting cells including B cells,54 55 in response 
to either bsAbs or anti- PD- 1.

It has been shown that B cells can undergo differen-
tiation toward Ab- secreting plasma cells and memory B 
cells in response to signals from Tfh cells, including IL- 21 
and IL- 17,36–38 48 56 while the existence of B cell effector 
responses and tumor- specific Abs have been shown to 
correlate with responses to immune checkpoint inhibi-
tors in renal cell cancer.57

Our analyses using CellChat showed an increase in the 
numbers of cell- cell interactions, in response to each 
treatment, between CD4+CXCL13+ and plasma cells and 
subtle treatment- specific differences. Taken together, our 
data support the hypothesis that single or dual check-
point blockade triggers activation of Tfh cells, likely by 
directly binding to them, and their release of cytokines, 
such as IL- 17 or CD40L (with all treatments) and IL- 21 
(with PD1- LAG3), which in turn may stimulate B cells to 
secrete tumor- specific Abs.

Our deeper immunophenotyping by flow cytometry 
revealed increased activated or cytotoxic states of CD8+ 
T cells as well as NK cells in response to bsAbs or an 
anti- PD- 1 Ab, together with a decrease in CD45– cells 
which may indicate reinvigoration of cytotoxic T cells 
and consequential tumor cell killing. This is in accor-
dance with previous studies in mouse models, demon-
strating efficacy of PD- 1- targeting, TIM- 3- targeting and 
LAG- 3- targeting approaches mediated by effector CD8+ 
TILs.18 45 58 Although we observed phenotypic changes at 
the protein level, our single- cell analyses revealed a lack 
of evident gene- level and pathway- level transcriptional 
changes in different CD8+ T cell subsets in response to 
treatments. This phenomenon may be partly dependent 
on our experimental set- up, which lacks influx and efflux 
of cells, unlike in a systemic setting, where key events 
occurring in lymph nodes are known to be important in 
anti- PD- 1/PD- L1 efficacy.59 60 Additionally, it is possible 
that the bsAbs may primarily target peripheral rather 
than tumor- resident CD8+ T cells, as inferred from the 
clonal replacement of tumor- specific T cells and periph-
eral T cell expansion observed in patients treated with 
immune checkpoint inhibitors.61 62

Interestingly, PD1- LAG3 treatment significantly 
decreased the proportion of CD4+CXCL13+ cells and anti- 
PD- 1 significantly decreased the proportion of the naïve 
progenitor CD8+. We hypothesized that these decreases 
may reflect differentiation of different cell types toward 
distinct fates. Our trajectory analyses identified initial 
naïve and proliferating cell states for either CD4+ or CD8+ 
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lineages and terminal CXCL13+ or exhausted states, 
respectively. Furthermore, we identify the proliferating 
subsets as an additional putative terminal state, which 
indicates that these cells may exist in a self- amplifying, 
static state. A ‘burned- out’ highly proliferative CD8+ T cell 
subset was previously found in patients and associated with 
resistance to anti- PD- 1 therapy in another study.63 Impor-
tantly, the increase of proliferating CD8+ T cells, either in 
the tumor or the periphery, has been previously shown 
in patients treated with anti- PD- 1 Abs.64–66 Whether the 
proliferating CD8+ T cells in our study are a dysfunctional 
subset or mediators of the response to treatment remains 
to be explored.

Additionally, we show that PD1- TIM3 and PD1- LAG3 
significantly increase the overall proportion of a prolif-
erating NK cell cluster. In particular, we found that the 
proliferating NK cell subset is enriched for a tissue- 
residency signature, a finding which is in accordance with 
previous data from our group, in which we show an asso-
ciation between the presence of tissue- resident NK cells 
and response to immunotherapies in patients.67

Finally, with our flow cytometric analysis, we identified 
one distinctive effect in LAG- 3 surface upregulation in 
different CD4+ and CD8+ T cell subsets as a biomarker of 
response to anti- LAG- 3 treatment, which does not require 
anti- PD- 1. Similarly, in a mouse model, a bsAb targeting 
LAG- 3 and PD- L1 was shown to enhance T cell activation 
and increase soluble LAG- 3 in plasma.68 Such increase in 
soluble LAG- 3 may be driven by increased surface expres-
sion of LAG- 3, as we observe in our study, and its shedding. 
Our data further indicates that the mechanism by which 
anti- LAG- 3 determines upregulation of LAG- 3 surface 
expression is not by de novo transcription, but rather by 
conformational changes and reorganization of intracel-
lular stores to the surface. It remains to be investigated 
whether LAG- 3 upregulation occurs in treated patients, 
it may be a relevant biomarker to monitor responses to 
treatment and should be considered in the design of 
treatment schedules.

In conclusion, our study provides a detailed resource 
of the phenotypical and transcriptional landscapes of 
human tumor- infiltrating immune cells following treat-
ment with novel clinical bsAbs PD1- TIM3 and PD1- LAG3, 
as well as with anti- PD- 1. Using multi- omic analyses of 
human tumor samples we developed and validated an 
experimental system suitable to investigate functional 
responses to checkpoint inhibition on a single cell level. 
We identified key cellular and molecular drivers of 
response to bsAbs treatment, including major transcrip-
tional and cell- networking changes on CD4+CXCL13+ Tfh 
cells and expansion of proliferating NK cells, and identi-
fied LAG- 3 surface upregulation as a key consequence of 
anti- LAG- 3 treatment. Prospectively, our findings may aid 
in the development of therapeutic and biomarker strate-
gies and in the prediction of responses to immune check-
point blockade.

METHODS
Primary human PBMCs and tumor samples
Human PBMCs were isolated from healthy donor (Blood 
Bank, University Hospital Basel, Switzerland) whole 
blood by density gradient centrifugation, using Histo-
paque (Sigma- Aldrich, 10771), and then frozen in liquid 
nitrogen, using fetal bovine serum (FBS) (Pan Biotech, 
P30- 5500) and 10% dimethyl sulfoxide (Sigma D2650). 
Tumor samples or pleural effusions were obtained from 
patients with cancer undergoing tumor resections at 
University Hospital Basel or Kantonsspital Baselland 
Liestal, Switzerland. Patient characteristics are summa-
rized in online supplemental tables S1 and S2. Tumor 
samples were mechanically dissociated and digested into 
single cell suspensions using accutase (Innovative Cell 
Technologies, AT- 104), collagenase IV (Worthington, 
LS004188), hyaluronidase (Sigma- Aldrich, H6254) 
and DNAse type IV (Sigma- Aldrich, D5025). Single- cell 
suspensions were then stored in liquid nitrogen until 
further use. In the in vitro assays, single- cell suspensions 
derived from cancer samples were maintained in RPMI 
medium containing L- glutamine (Sigma- Aldrich, R8758) 
supplemented with 1x penicillin/streptomycin (Sigma- 
Aldrich, P4333), 1 mM pyruvate (Sigma- Aldrich), 1% 
non- essential amino acids (NEAA); Sigma- Aldrich) and 
10% FBS (Pan Biotech, P30- 5500).

Treatment of patient samples with therapeutic antibodies
To set up the in vitro treatment of patient samples, 300,000 
single cells from the tumor suspensions, prepared as 
described above, were seeded in 90 µL of RPMI medium 
containing L- glutamine (Sigma- Aldrich, R8758) supple-
mented with 1x penicillin/streptomycin (Sigma- Aldrich, 
P4333), 1 mM pyruvate (Sigma- Aldrich), 1% NEAA 
(Sigma- Aldrich) and 10% FBS (Pan Biotech, P30- 5500) 
in a 96- well flat bottom plate; 10 µL of 10× concentrated 
Abs (optimal dose calculated based on unpublished 
observations), PD1- TIM3 (RO7121661, RG7768, Roche), 
PD1- LAG3 (RO7247669, RG6139, Roche), anti- PD- 1 
(pembrolizumab, human IgG1 containing the P329G- 
LALA mutation, Roche) or DP47 isotype control (Roche) 
were then added to the cultures to obtain a final concen-
tration of 10 µg/mL. The treated cells were incubated at 
37°C, 5% CO2 for 48 or 96 hours before flow cytometry, 
cytokine analysis or scRNAseq preparation.

Flow cytometry
Treated PBMCs or tumor suspensions were centrifuged at 
400 g for 5 min in 96- well plates. They were then stained 
with a fixable live/dead Zombie dye (BioLegend, 1:200) 
and blocked with a human Fc receptor binding inhib-
itor (Invitrogen, 1:100) for 20 min at 4°C. After further 
centrifugation, cells were stained for cell surface antigens 
using the fluorophore- conjugated antihuman Abs listed 
in online supplemental table S6 diluted in FACS buffer 
(phosphate- buffered saline (PBS), 0.5 mM EDTA, 2% 
fetal calf serum, 10% sodium azide (NaN3)), for 20 min 
at 4°C. After two washes with FACS buffer, cells were fixed 
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with intracellular (IC) fix buffer (eBioscience, 00- 8222- 
49) for 20 min at room temperature. Alternatively, for 
intranuclear staining, cells were further permeabilized 
and fixed using Invitrogen Fixation/Perm diluent (00- 
5223- 56) and then stained intranuclearly with Perm 
buffer using the Abs listed in online supplemental table 
S6. After two washes in Perm buffer, the samples were 
resuspended in FACS buffer and acquired using Aurora 
(Cytek). FlowJo (V.10.7.1) was used for standard analysis 
and R (V.4.1.0) within RStudio (V.1.4.1717) was used for 
differentially discovery as previously published, using 
logicle transformation of the acquired data.30

Analysis of LAG-3 protein expression on PBMCs
To measure LAG- 3 expression on PBMCs, 96- well plates 
were coated with PBS containing 5 µg/mL anti- CD3 
(clone OKT3, Biolegend 317347) and incubated at 37°C, 
5% CO2 for 2 hours. Healthy donor PBMCs were then 
thawed and seeded at a density of 500,000 cells per well 
in 90 µL, using RPMI medium containing L- glutamine 
(Sigma- Aldrich, R8758) supplemented with 1x peni-
cillin/streptomycin (Sigma- Aldrich, P4333) 1 mM pyru-
vate (Sigma- Aldrich, S8636), 1% NEAA (Sigma- Aldrich, 
M7145) and 10% FBS (Pan Biotech, P30- 5500). Next, 
10 µL of either PD1- LAG3, PD1- TIM3, anti- PD- 1 (mutated 
pembrolizumab containing the P329G- LALA mutation, 
Roche), a parental bivalent anti- LAG- 3 AB (RO7223584, 
Roche) or DP47 isotype were added to reach a final 
concentration of 10 µg/mL. Cells were incubated for 2 
days at 37°C, 5% CO2 after which LAG- 3 was measured 
on CD8+ or CD4+ T cells by flow cytometry, as described 
above.

To investigate the role of intracellular trafficking of 
LAG- 3, healthy donor PBMCs were thawed and seeded in 
96- well U- bottom plates at a density of 300,000 cells per 
well, in the presence of 5 µg/mL anti- CD3 (clone OKT3, 
Biolegend 317347), with treatment Abs or isotype and with 
or without protein trafficking inhibitor Brefeldin A (final 
1x concentration, BioLegend, 420601). After 4 hours of 
incubation at 37°C, 5% CO2, CD8+ and CD4+ T cells were 
stained for LAG- 3 expression, using a non- competitive 
LAG- 3 Ab (LS Bio, LS- B2237- 50), as described above.

Measurement of cytokine production
For measurement of cytokine release from either PBMCs 
or tumor suspensions, 96- well plates containing treated 
cells were centrifuged at 1500 rpm for 5 min and the cell 
culture supernatant was collected and stored at −20°C 
until further use. IFN-γ concentration was measured 
using a BD OptEIA Human IFN-γ ELISA (BD Biosciences, 
555142) following the manufacturer’s instructions.

For multiplex supernatant analysis, samples were 
analyzed using the proximity extension assays, 96- plex 
immunoassay developed by Olink Proteomics (Uppsala, 
Sweden),29 using the Oncology and Inflammation panels. 
Internal standard and external (blank medium) controls 
were used for quality check and data were normalized 
and rescaled to log2 scale using the Normalized Protein 

eXpression (NPX) software, Olink NPX Manager 
(V.2.1.0.224). Additional data preprocessing and statis-
tical quality check were performed, including the 
normality of the NPX values, outlier detection, data vari-
ability, the missing data and protein with low detectability 
(<limit of detection (LOD)). The data were filtered and 
659 proteins were kept which had at least 30% (n≥27) 
observed samples with NPX values above LOD. Further 
analyses were conducted using limma,69 mixed- effect linear 
model with the individual- level variability accounted, to 
compare each Ab treatment with the control, where the p 
values from moderated t- tests and adjusted false discovery 
rate for multiple testing were obtained.

Cell sorting and scRNAseq library preparation
For FACS and scRNAseq library preparation, single 
cells from four tumor samples, treated with either PD1- 
TIM3, PD1- LAG3, anti- PD- 1 (mutated pembrolizumab 
containing the P329G- LALA mutation, Roche) or DP47 
isotype were collected after 48 and 96 hours as described 
above. Cells were stained using a Zombie Aqua fixable 
dye (BioLegend, 423101, 1:200) and an antihuman CD45 
Ab (clone QA17A19, BioLegend, 393409, 1:100) in PBS 
10% bovine serum albumin. Together with the surface 
antihuman CD45 staining, cells were stained with a Total-
Seq- B Human TBNK Cocktail (BioLegend, 399902), 
using 1 µg of Ab cocktail per 1×106 cells in 100 µL staining 
volume, following the manufacturer’s instructions. Cells 
were then filtered using 35 µm nylon mesh- screen filter 
caps and CD45+ live cells were sorted in PBS 10% FBS 
using a FACSMelody machine (BD Bioscience). Sorted 
single cells were then counted and up to 20,000 cells 
were loaded onto a 10x Genomics Chromium NEXT 
GEM chip G. Libraires were prepared following the 10x 
Genomics protocol for 3′ gene expression profiling with 
feature barcoding (CG000206, Rev A) and complemen-
tary DNA or library quality was assessed using a 4200 
TapeStation System (Agilent). A total of 31 individual 
libraries with matched feature (CITE- seq) libraries were 
prepared (from four patients treated with four treat-
ments each acquired at two timepoints), with one sample 
(BS558_PD1- TIM3_48h) failed at preparation due to 
chip wetting failure. Samples were sequenced using an 
Illumina NovaSeq 6000 instrument aiming to obtain 
50,000 reads per cell.

scRNAseq analysis
For scRNAseq data analysis, Cell Ranger V.5.0 was used for 
demultiplexing, alignment, filtering, barcode counting 
and unique molecular identifier (UMI) counting. Besca’s 
standard workflow,31 based on Scanpy,70 was then used on 
the obtained count matrices to perform quality checks 
and downstream analysis. A minimum of 800 genes per 
barcode and a minimum 1500 counts per barcode were 
used as filtering parameters to remove barcodes that 
likely did not correspond to viable cells. Thresholds for 
the proportion of mitochondrial genes (4%–8%) were 
also applied separately on each group of samples deriving 
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from each patient to remove cells that were likely dead. 
Doublets were then removed using DoubletDetection.71 
Per- cell normalization (counts per 10,000 (cp10k)), 
count depth and mitochondrial gene content regression, 
scaling, highly variable gene selection, PCA- based neigh-
borhood analysis and clustering were then performed 
separately by patient. Besca’s signature- based automated 
cell type annotation allowed hierarchical classification 
and annotation of the identified clusters. A further over-
lapping custom annotation (online supplemental file 2) 
was user defined to allow comparison of the different 
patient samples. All samples were then merged and batch 
corrected for the patient effect using BBKNN.32

CellChat39 was used to investigate cell- cell receptor- ligand 
interactions. For pseudubulk and cell type abundance 
analyses, normalized (cp10k) counts were aggregated 
per cell type (pseudobulk) and the proportion of each 
cell type out of all cells was calculated per sample (abun-
dance); differential gene expression and differential 
abundance analyses were then run comparing each treat-
ment with the isotype control at each timepoint. We used 
limma69 72 for differential gene expression analysis and 
diffcyt/voom for differential abundance analysis.73 74

Gene Set Enrichment Analysis was run on the pseudobulk 
outputs for each cell type, using fgsea and msigdbr35 in R 
V.4.1.0. RNA velocity analysis was conducted using scVelo34 
and CellRank.75 Enrichment of previously published NK 
signatures76 was tested using Seurat72 AddModuleScore 
function. To generate the anti- PD- 1 responder signa-
ture, we obtained published data of patients with mela-
noma treated with anti- PD- 133 and followed a previously 
published approach.77 Briefly, we identified genes which 
were upregulated and downregulated on anti- PD- 1 treat-
ment for patients classified as responders and separately 
for the non- responders. We then filtered the sets of upreg-
ulated and downregulated genes, specific to responders, 
by removing any genes which showed altered expression 
in the non- responders, to create response- specific upreg-
ulated and downregulated genes.

We then compared the normalized- expression values of 
the upregulated genes against the downregulated genes 
in each cell, using a t- test. The absolute value of the t- sta-
tistic from this test, showing the magnitude of difference 
between the upregulated and downregulated genes in 
our dataset, was used as the anti- PD- 1 responder score.

Data visualization was conducted using either Scanpy, 
Seurat, CellChat, scVelo, CellRank or GraphPad Prism 
(V.9.0.2).

Statistical analysis
Data were plotted and statistical analysis was conducted 
using GraphPad Prism (V.9.0.2) or R (V.4.1.0) in RStudio 
(V.1.4.1717).
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