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 Graphical abstract

Key findings 

What is already known on this topic 
The tumor microenvironment (TME) plays a critical role in determining 
responses to immunotherapy. Studies focused on predefined cell populations, 
have identified several cells associated with treatment outcomes but 
simultaneously underscored the difficulty to use them as reliable biomarkers. 

What this study adds 
This study confirms the significant heterogeneity in the cellular composition of 
vulvar high-grade squamous intraepithelial lesions (vHSIL), and demonstrates 
that in particular the differences in spatial organization of immune cell states 
is associated with clinical response to immunotherapy. 

How this study might affect research, practice, or policy 
These findings underscore the importance of spatially resolved single-cell 
analyses in understanding the TME and suggest that targeting immune-
supportive ecosystems could optimize immunotherapeutic strategies across 
tumor types. 
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Abstract 

Background 
The tumor microenvironment (TME) is a complex and dynamic ecosystem that is 
known to influence responses to immunotherapy. We leveraged single-cell spatial 
transcriptomics to systematically dissect the intricate complexity of the TME, in 
particular the cellular heterogeneity and spatial interactions. Their collective 
impact on immunotherapy efficacy was studied in the context of a homogenous 
group of patients with vulvar high-grade squamous intraepithelial lesions (vHSIL) 
treated with an immunotherapeutic tumor-specific peptide vaccine. 

Methods 
We performed single-cell spatial transcriptomics on 20 pre-treatment vHSIL 
lesions, stratified by clinical response to immunotherapeutic vaccination 
into complete responders (CR), partial responders (PR) and non-responders 
(NR). Using a 1000-gene panel, we mapped over 274,000 single cells in situ, 
identifying 18 cell clusters and 99 distinct non-epithelial cell states. Findings 
were validated against public single-cell transcriptomic datasets to assess their 
broader relevance across tumor types. 

Results 
Profound heterogeneity within the TME was detected across the response 
groups. CR lesions exhibited a higher ratio of immune-supportive to immune-
suppressive cells—a pattern mirrored in other solid tumors following 
neoadjuvant checkpoint blockade. Key immune populations enriched in CRs 
included CD4+CD161+ effector T cells and chemotactic CD4+ and CD8+ T cells. 
Conversely, PRs were characterized by increased proportions of T helper 2 cells 
and CCL18-expressing macrophages, which are associated with the recruitment 
of type 2 T cells and regulatory T cells. NRs displayed preferential infiltration 
with immunosuppressive fibroblasts. Distinct spatial immune ecosystems 
further defined response groups. Although a number of immune cells were 
detected in all patients, type 1 effector cells dominated interactions in CRs, 
type 2 cells were prominently interacting in PRs, while NRs lacked organized 
immune cell interactions. 

Conclusion 
This study underscores the dual importance of both cellular composition and 
spatial organization in steering clinical response to immunotherapy. 
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Introduction 

Over the past decade, there has been a significant surge in T cell-based 
immunotherapeutic approaches for cancer treatment, including immune 
checkpoint blockade, adoptive cell therapy, and therapeutic vaccines.1-3 While 
these strategies have achieved remarkable success, many patients either 
fail to respond or experience only transient benefits. This underscores a 
critical need to deepen our understanding of how patient-specific tumor 
characteristics influence therapeutic responses. Retrospective analyses, 
typically focused on predefined markers and cell populations, have identified 
several tumor microenvironment (TME) features associated with treatment 
outcomes.4 5 However, the intricate complexity of the TME, particularly 
the cellular heterogeneity and spatial interactions, remains insufficiently 
understood, as does their collective influence on immunotherapy efficacy. 
Deciphering the multifaceted ecosystem of the TME—comprising diverse 
tumor, immune, and stromal cell populations, their cellular states, and 
their spatial interactions—could provide valuable insights into its role in 
modulating responses to specific immunotherapeutic interventions.6-9 Such an 
understanding has the potential to guide the identification of novel therapeutic 
targets and optimize patient selection, thereby enhancing the efficacy of 
immunotherapy.

In two clinical trials, we observed complete regression (CR) or partial regression 
(PR) in approximately half of the patients with human papillomavirus type 16 
(HPV16)-induced vulvar high-grade squamous intraepithelial lesions (vHSIL) 
following treatment with an immunotherapeutic tumor-specific peptide vaccine 
comprising HPV16 E6/E7-specific synthetic long peptides.10 11 Importantly, vHSIL 
patients represent a relatively homogeneous cohort, devoid of confounding 
factors such as differences in gender12, stage, oncogenic pathways 13 15, or 
tumor location16. These factors, known to influence TME composition, often 
complicate studies investigating the relationship between the TME and 
treatment outcomes. Clinical responsiveness in these trials correlated with 
the magnitude of the vaccine-induced systemic T cell response11 17 and with 
a pre-existing abundance of T cells and myeloid cells within the TME prior 
to vaccination18. This association highlights the importance of the baseline 
immune landscape in determining therapeutic success and provides a 
foundation for further exploration of how TME features shape immunotherapy 
outcomes.
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In this study, we employed single-cell spatial transcriptomics to measure RNA 
expression at subcellular resolution in formalin-fixed, paraffin-embedded 
(FFPE) whole tissue samples.19 This approach combines the high-resolution 
analytical power of single-cell RNA sequencing with the spatial context 
provided by in situ imaging. Consequently, it enables the interrogation of 
cellular heterogeneity without relying on predefined marker sets19 20-23, allowing 
for a comprehensive digital reconstruction of the cellular landscape within 
these lesions. Furthermore, this methodology facilitated an in-depth analysis 
of cellular states and spatial interactions within TME in relation to clinical 
responses to immunotherapy. Key findings from this analysis were validated 
using publicly available immunotherapy datasets, underscoring the robustness 
and translational relevance of the results.

Materials and methods 

Patient samples 
Pre-vaccination formalin-fixed paraffin-embedded (FFPE) biopsies of 20 women 
of ≥18 years old with histologically confirmed HPV16+ vHSIL were analyzed. 
These women participated in a phase I/II therapeutic HPV16 SLP vaccination 
trial with ISA101.10 11 The ISA101 vaccine was injected subcutaneously and 
consisted of 13 synthetic long overlapping peptides covering the entire amino 
acid sequence of HPV16 oncoproteins E6 and E7, emulsified with Montanide 
adjuvant. Clinical efficacy assessments in the trial were performed 3 and 
12 months after the last vaccination. The patients were classified based on 
their best clinical response 12 months after vaccination without additional 
treatment into: complete responders (CR, n=6) when the lesion completely 
disappeared, partial responders (PR, n=7) when ≥50% of the total lesion area 
had disappeared, and non-responders (NR, n=7) when <50% of the lesion had 
disappeared. All patients gave written informed consent to participate in this 
immunotherapeutic trial. The study was conducted in accordance with the 
Declaration of Helsinki and approved by the national Central Committee on 
Research Involving Human Subjects (CCMO, NL21215.000.08) and the Leiden 
University Medical Center institutional ethical committee (P08.197).

Statistical analyses 
Statistical data analyses were performed with GraphPad Prism 9.3.1 and with R 
4.4.0, which were also used to create graphs to visualize the data. In R, ggplot2 
(v3.5.1) was used to produce plots. The median immune counts of the three 
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different response groups were compared using the non-parametric Kruskal 
Wallis test, and of two response groups by the non-parametric Mann-Whitney 
U test. Bonferroni corrected p-values were marked as statistically significant.

Single-cell spatial transcriptomics 
The patient samples, all diagnosed with vHSIL by a specialized pathologist, 
were analyzed with the CosMx Spatial Molecular Imager (Nanostring), which 
allowed the visualization of 1000 RNA transcripts at a subcellular resolution 
in situ on FFPE pre-immunotherapy vHSIL tissue, using cyclic fluorescent in 
situ hybridization.19 This technique allowed both the discovery of new cell 
types in the tumor microenvironment of vHSIL, as well as the exploration of 
their spatial interactions. The majority of the patients’ vHSIL biopsies could be 
completely covered with fields of view (FOVs) for spatial transcriptomic analysis. 
Cell segmentation was performed with CellPose, which has been shown to be 
one of the most reliable methods.24

Semi-supervised cell type classification 
Cell type classification was performed using the semi-supervised cell typing 
method InSituType.25 An initial round of cell typing was run using an immuno-
oncology based cell type reference profile provided as the default in the R 
software package, and allowing for 6 unsupervised clusters to characterize 
epithelial cell types. Subsequently, cells which were classified as an immune 
cell type were further refined by clustering smoothed averages of marker genes 
for the cell’s nearest neighbors (https://nanostring-biostats.github.io/CosMx-
Analysis-Scratch-Space/posts/marker-gene-smoothing/). Specifically, a set of 
58 genes with known expression specificity in immune cells was pre-selected 
(Supplemental Table 1). 

Let Xmarkers×cells denote a total-count normalized expression matrix for cells 
classified as non-epithelial and their expression in the pre-selected marker 
gene set. Let Wcells ×cells denote a nearest neighbors matrix where each column 
indicates the nearest 50 neighbors of the corresponding cell in a uniform 
manifold approximation and projection (UMAP) space. Further each column 
was allowed to be standardized such that the sum of each column is 1. The 2D 
UMAP projection was created using pearson-residual normalized data26 and 
default UMAP parameters implemented in Seurat software package.27 Then 
the smoothed expression matrix Smarkers×cells takes the form S = X W.



129

Spatial transcriptomics identifies ecosystems associated with immunotherapy response

5

This smoothed expression matrix was clustered using k-means and cells 
were subsequently assigned to an immune cell type based on the expression 
characteristics of the corresponding k-means cluster. 

Plausible gene filtering using a contamination ratio metric 
For spatial transcriptomic data, one major challenge is dealing with the impact 
of cell segmentation uncertainty, where even minor errors can potentially 
confound or distort downstream analyses. For cell-type specific analyses, we 
develop a “contamination ratio metric” for pre-emptively excluding genes which 
may be likely to return spurious results due to imperfect cell segmentation.28 
Let (y t)g denote the average expression of a particular gene g for a cell type 
t of interest.Further denote the average expression per cell of the gene in 
neighboring cells of other cell types by ( )′ g

y t  . Then the ratio ( )
( )

g
g

g

y t

y t
ψ

′
=   is a metric 

by which we quantify the susceptibility to confounding bias from segmentation 
error. Genes with ψg > 1 are higher expressed on average in neighboring cells of 
other cell types than that of cell type t. For cell type subclustering, we filtered 
the list of genes to be analyzed for a given cell type such that ψg < 1.

Subcluster identification 
To further refine cell types into distinct cell states or subclusters, we first 
identified for each cell type, a list of genes that are plausibly expressed in that 
cell type to use for unsupervised subclustering. We defined this list of genes 
using the contamination ratio metric described above, selecting genes where 
the ratio metric ψg < 1. For a given cell type, this corresponds to subclustering 
using only genes with higher average expression within the cell type than in the 
spatially neighboring cells of other cell types. Unsupervised Louvain clustering 
was then performed among each cell type separately using only the filtered 
list of genes using Seurat.27

Spatial co-localization of cell states 
Multinomial logistic regression was used to characterize differential spatial 
colocalization of cell states between patient groups. First, we identified for each 
patient all pairs of spatially neighboring cells within a 10 micron radius. Next, 
we performed multinomial logistic regression249 separately for each possible 
cell state, estimating the probability of the neighboring cell state identity 
given patient group. Specifically, let Yin denote the subcluster identity of the 
nth neighbor to cell i. The regression model estimates Pr(Yin = k | Gi), where 
Gi denotes the patient group of cell i (non-responder, partial responder, or 
complete responder), and k denotes cell state category.
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For each modeled subcluster, we identified cell state pairs with differential 
colocalization probability between patient groups using the emmeans R 
package.30 

Response group specific ecosystems 
First a filter was applied to connections where Estimated Pr(neighbor 
subcluster) is greater in CR than in both NR and PR. Secondly a filter was applied 
to connections where at least one of the comparisons (CR vs. NR) or (CR vs. 
PR) is significant (p < 5.9e-6). “Enriched in CR cells” indicates that the subcluster 
has significantly higher frequency in CR (P < 0.05/98 subclusters) compared to 
NR and PR across all subclusters. The analogous filters were used to describe 
PR and NR response group ecosystems. 

Validation with other single-cell datasets 
Single-cell datasets were obtained from public repositories, and an overview 
of the external datasets and their characteristics is provided in Supplemental 
Table 2. These datasets included an immune cell compendium from Domínguez 
Conde31, colon data from Kong32, breast cancer data from Bassez33, head and 
neck cancer data from Franken34 and a large dataset of 30 cancer types and 
their corresponding normal tissues from Kang35. The transfer functionality 
from the Seurat package was used to transfer CosMx cell types on these 
external datasets. Main cell types with a maximal prediction score <0.4 were 
considered unassigned. Cell subtypes were also considered unassigned if the 
parent cell type did not match that of the child cell type. Transfer of cell types 
was done for each dataset separately. Cell type allocation in the current and 
external data were compared. For each cell (sub)type the overlap with the cell 
type in the external data was calculated as percentage of all cells identified as 
a cell type as identified in the current study. 

A paired Wilcoxon rank test was used to identify statistically significant 
differences between paired pre- and on-treatment samples in the TNBC and 
HNC cohorts.253 254 To identify differences in the ratio of cell types identified 
as supportive versus non-supportive for immunotherapy, the total number 
of supportive cells was divided by the total number of non-supportive cells. 
A positive ratio would indicate a higher fraction of supportive cells versus 
non-supportive cells. For a direct comparison of supportive cells versus 
non-supportive cells, we compared the percentages of supportive and non-
supportive cells relative to the total number of cells measured in a patient.
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Results 

Digital reconstruction of a vHSIL cell atlas shows high diversity across 
patients. 
Formalin-fixed paraffin-embedded vHSIL biopsies of 20 patients prior to 
immunotherapeutic vaccination who displayed a complete response (CR; n=6), 
partial response (PR; n=7) or no clinical response (NR; n=7) 10 11 (Table 1), were 
analyzed at the single-cell transcriptomic level with the validated CosMx Spatial 
Molecular Imager using a 1000-plex RNA panel (Supplemental Table 3).19 A 
total of 65 fields of view with an accumulated area of >36mm2 resulted in the 
detection of 274,878 cells and a mean number of 413 transcripts detected 
per cell (Table 2). Semi-supervised clustering of cells based on their RNA 
transcriptome (Supplemental Table 4) resulted in the identification of 18 
different cell types, including 6 types of epithelial cells, fibroblasts, endothelial 
cells, and several types of lymphocytes and myeloid cells (Figure 1A, 
Supplemental Figure 1A). Cell type neighborhood clustering revealed three 
epithelial, one stromal, and one stromal-epithelial interface spatial niches with 
roughly a similar cell count between all patients (Figure 1B, Supplemental 
Figure 1BC). 



132

Chapter 5 

Ta
bl

e 
1.

 v
H

SI
L 

co
ho

rt
 p

at
ie

nt
 c

ha
ra

ct
er

is
ti

cs
. 

Co
sM

x 
st

u
dy

nu
m

be
r

Tr
ia

l s
tu

dy
 

nu
m

be
r

D
ia

gn
os

is
N

um
be

r 
of

 v
ac

ci
n

e
do

se
s

Sy
st

em
ic

 T
 c

el
l 

re
sp

on
se

(M
oM

)

Cl
in

ic
al

 
re

sp
on

se
at

 3
 m

on
th

s

Cl
in

ic
al

 
re

sp
on

se
at

 1
2 

m
on

th
s

Tr
ia

l 
re

fe
re

n
ce

S1
0

20
6

vH
SI

L
4

16
.5

CR
CR

N
EJ

M
S1

7
50

3
vH

SI
L

4
24

5.
5

CR
CR

CC
R

S1
6

53
1

vH
SI

L
2

15
8.

4
CR

CR
CC

R
S1

2
53

2
vH

SI
L

2
20

7.
4

CR
CR

CC
R

S5
50

9
vH

SI
L

4
10

2
PR

CR
CC

R
S1

1
56

3
vH

SI
L

3
17

8.
7

PR
CR

CC
R

S8
20

1
vH

SI
L

4
96

.5
PR

PR
N

EJ
M

S9
51

0
vH

SI
L

4
48

.7
PR

PR
CC

R
S1

3
51

2
vH

SI
L

4
78

.2
PR

PR
CC

R
S1

9
52

9
vH

SI
L

4
18

6.
4

PR
PR

CC
R

S1
8

53
0

vH
SI

L
3

19
5.

3
PR

PR
CC

R
S1

20
3

vH
SI

L
4

40
.8

N
R

PR
N

EJ
M

S2
52

6
vH

SI
L

2
21

4
N

R
PR

CC
R

S1
5

22
8

vH
SI

L
4

61
.4

N
R

N
R

N
EJ

M
S7

51
9

vH
SI

L
4

19
4.

5
N

R
N

R
CC

R
S1

4
52

2
vH

SI
L

4
10

6.
6

N
R

N
R

CC
R

S6
52

4
vH

SI
L

4
68

.1
N

R
N

R
CC

R
S2

0
52

8
vH

SI
L

4
12

6.
5

N
R

N
R

CC
R

S3
20

2
vH

SI
L

4
2.

9
N

R
N

R
N

EJ
M

S4
51

7
vH

SI
L

4
16

1.
5

N
R

N
R

CC
R

vH
SI

L 
= 

vu
lv

ar
 h

ig
h-

gr
ad

e 
sq

ua
m

ou
s 

in
tr

ae
pi

th
el

ia
l l

es
io

n 
M

oM
 =

 m
ed

ia
n 

of
 m

ax
im

um
. T

he
 M

oM
 v

al
ue

 w
as

 c
al

cu
la

te
d 

by
 ta

ki
ng

 th
e 

m
ed

ia
n 

of
 th

e 
hi

gh
es

t s
pe

ci
fic

 IF
N

γ 
EL

Is
po

t c
ou

nt
s 

ag
ai

ns
t H

PV
16

 E
6 

an
d 

E7
 p

ep
tid

es
 p

er
 

bl
oo

d 
sa

m
pl

e 
ob

ta
in

ed
 d

ur
in

g 
an

d 
af

te
r i

m
m

un
ot

he
ra

pe
ut

ic
 v

ac
ci

na
tio

n,
 s

o 
th

at
 o

ne
 v

al
ue

 c
ou

ld
 b

e 
ob

ta
in

ed
 fo

r t
he

 s
ys

te
m

ic
 T

 c
el

l r
es

po
ns

e 
pe

r i
nd

iv
id

ua
l p

at
ie

nt
. 

N
EJ

M
 r

ef
er

en
ce

[1
0]

: K
en

te
r 

et
 a

l (
20

09
). 

Va
cc

in
at

io
n 

ag
ai

ns
t H

PV
-1

6 
on

co
pr

ot
ei

ns
 fo

r 
vu

lv
ar

 in
tr

ae
pi

th
el

ia
l n

eo
pl

as
ia

. N
 E

ng
l J

 M
ed

, 3
61

(1
9)

, 1
83

8-
18

47
. h

tt
ps

://
do

i.
or

g/
10

.1
05

6/
N

EJ
M

oa
08

10
09

7 
CC

R 
re

fe
re

nc
e[

11
]: 

Va
n 

Po
el

ge
es

t e
t a

l (
20

16
). 

Va
cc

in
at

io
n 

ag
ai

ns
t O

nc
op

ro
te

in
s 

of
 H

PV
16

 fo
r 

N
on

in
va

si
ve

 V
ul

va
r/

Va
gi

na
l L

es
io

ns
: L

es
io

n 
Cl

ea
ra

nc
e 

Is
 R

el
at

ed
 to

 th
e 

St
re

ng
th

 o
f t

he
 T

-C
el

l R
es

po
ns

e.
 C

lin
 C

an
ce

r R
es

, 2
2(

10
), 

23
42

-2
35

0.
 h

tt
ps

://
do

i.o
rg

/1
0.

11
58

/1
07

8-
04

32
.C

cr
-1

5-
25

94
 



133

Spatial transcriptomics identifies ecosystems associated with immunotherapy response

5

Table 2. CosMx data metrics. 

Complete 
responders

Partial 
responders

Non-
responders

Full cohort

Number of fields of view 
(FOVs) 29 17 19 65

Area measured (mm2) 16.43 9.63 10.76 36.82

Number of cells  121,877 62,573 90,428 274,878 

Total transcripts 61,739,516 23,399,624 38,913,342 124,052,482 

% Of cells with >20 counts 98.08 97.45 98.13 97.95

Mean transcripts per cell 473 323 396 413

Assigned transcripts (%) 93.28 86.34 92.14 91.61

Genes detected above 
LOD 586 599 609 611

Cellular transcripts per 
µm2 3.8 2.4 3.6 3.4

Mean negatives per cell 1.59 1.30 1.43 1.47

The 6 different epithelial cell types were characterized based on their specific 
keratin expression36 into basal cells, suprabasal cells, activated keratinocytes, 
contractile keratinocytes, differentiating and fully differentiated keratinocytes 
(Supplemental Figure 1DE). All together this allowed us to digitally reconstruct 
vHSIL lesions (Figure 1CD). Moreover, we validated the concordance between 
keratin expression at the protein and gene transcript level (Figure 1E). 
The proportion of each epithelial cell type present in the vHSIL lesion differed 
per patient, sustaining the notion that the disease manifests differently 
across patients, but no immunotherapy response-specific pattern was found 
(Supplemental Figure 1FG). This was also the case when the proportions of 
the other cell types were analyzed (Supplemental Figure 1H). Thus, these 
data reveal vast heterogeneity between patients with a tumor that all had the 
same etiological background and originated in the same anatomical location.
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Figure 1. Cellular composition of vHSIL decomposed by spatial single-cell transcriptomics. 
Archived FFPE tissue sections obtained from vHSIL patients (n=20) before therapeutic vaccination with 
an HPV16 synthetic long peptide vaccine, were subjected to single-cell spatial transcriptomics. Upon 
vaccination, 6 patients showed a complete response (CR), 7 a partial response (PR) and 7 no response 
(NR). A) UMAP plot containing 274,878 cells resulted in the identification of 18 cell clusters. 
B) Representative vHSIL CosMx image after cell segmentation and tissue segmentation, indicating the 5 
spatial niches (3 epithelial niches, 1 stromal niche, and 1 stroma-epithelium interface niche). 
C) Representative images of the spatial location of different types of epithelial cells, fibroblasts, endothelial 
cells and different immune cells. D) Full reconstruction of tissue section by spatially overlaying all cell 
clusters. E) Comparison of pan-cytokeratin (PanCK) protein detection by immunofluorescence (antibody 
clone NB2-33200AF532, Novus) and RNA detection, showing a good overlay between protein and RNA 
detection.
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Identification and validation of different cell states. 
To dissect the diversity of the different cell types within the TME and between 
patients, the non-epithelial cell types were further subclustered based on the 
set of genes higher expressed in that specific cell type when compared to all 
other cells (Supplemental Table 4). This resulted in the identification of a total 
of 99 subclusters among endothelial cells (n=10), fibroblasts (n=10), CD4 T cells 
(n=11), CD8 T cells (n=8), Tregs (n=8), B cells (n=6), plasma cells (n=9), myeloid 
DCs (n=9), plasmacytoid DCs (n=6), macrophages (n=10), neutrophils (n=3), 
and mast cells (n=8) (Supplemental Figure 2). To ascertain whether the cell 
(sub)types identified were specific for vHSIL, their presence was assessed in 
several publicly available datasets with large numbers of cells analyzed32 33 35, 
and an immune cell compendium31 (Supplemental Table 2). This not only 
successfully verified cell (sub)type identity (Figure 2A, Supplemental Figure 3) 
but also revealed that almost all identified immune cell subtypes in vHSIL, were 
also present in other tissues, including a series of other healthy tissues and 
cancer types (Supplemental Figure 4). The multiple different functional cell 
states of the cell types were derived by analysis of the cluster defining genes 
and literature (Supplemental Table 5). Based on the comparison with the 
other datasets, and marker gene expressions, some cell types were manually 
corrected (pDC_5, B cell_0 and 4, E_5), also showing that CD4_5 belonged to 
the Treg subclusters. 
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Figure 2. Validation of cell types and cell states specific for clinical response to 
immunotherapeutic vaccination. 
A) To validate the existence of the identified 18 cell clusters, their transcriptome was compared to large 
numbers of single-cells present in several publicly available datasets: Kong32, Bassez33 and Kang35, showing 
high concordance between the identified cell clusters in this study versus that of the public databases. 
B) Heatmaps showing the cell states that are specifically enriched (Z-test for difference in proportion, 
Bonferroni corrected) in complete responders (CR, n=6), partial responders (PR, n=7) and non-responders 
(NR, n=7) therapeutic vaccination, and compared to their presence in the other response groups. The color 
legend indicates the proportion of each cell state within the major cell type. The explanation of the cell 
type abbreviations can be found in Supplemental Table 5. 

Balance between vaccine supportive and non-supportive cell states 
differs per clinical response. 
A comparison between the frequencies of the different cell types and their 
states in the lesions of CR, PR and NR patients was made to assess whether 
differences in clinical response were associated with the composition of the 
lesions before immunotherapy. This response group comparison revealed 
higher proportions of CD8+CD103+ tissue resident effector cells (CD8_6), 
CD4+CD161+ effector cells (CD4_6), phagocytic M1 macrophages (M_3), 
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classically activated DCs (mDC_7), cDC2s (mDC_8), GZMB+, IFN-activated pDC 
(pDC_0), inflammatory mast cells (mast_1), T cell infiltration supportive IGFB7hi 
endothelial cells37 (E_8/9) and immunity supportive fibroblasts (F_2/3/4/5/8) 
amongst others in complete responders to immunotherapy (Figure 2B). 

In contrast, the lesions of partial responders comprised higher proportions of 
type 2 cytokine CD4+ T cells (CD4_3, CD4_4) and CCL18-expressing macrophages 
(M_6), known to attract type 2 T cells and Tregs.38-40 Non-responding lesions 
showed preferential infiltration with non-activated immune cells (CD8_3, 
CD4_0, M_0, mDC_4) and potentially suppressive fibroblasts (F_6/7/9) when 
compared to the other response groups (Figure 2B). 

For many subclusters, but not all, their transcriptome allowed to propose 
a potential positive or negative direction of their effect on immunotherapy, 
based on our current knowledge of tumor-immunity (Supplemental Table 5). 
The variation in the proportion of each individual cell type and cell state among 
the patients in each response group (Supplemental Figure 5) suggested that 
rather than a difference in one specific cell type or cell state, it is the overall 
balance between the anticipated effect of all cell states present in the lesion 
that may influence clinical outcome. Indeed, while the proportions of cells 
with a supportive effect on immunotherapy were found in balance with the 
proportions of non-supportive cells in the CR group, the proportion of cells 
negatively impacting immunotherapy was higher in the PR and NR patient 
groups (Figure 3). CR lesions exhibited a higher ratio of immune-supportive 
to immune-suppressive cells, compared to PR and NR lesions (Figure 3). 
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Figure 3. The balance between vaccination supportive and non-supportive cells differs 
per vaccine response group.
For many subclusters, their transcriptome allowed to identify them as potentially supportive or non-
supportive for immunotherapy (Supplemental Table 5). Cells classified as supportive were: CD4_6/9/10; 
CD8_1/6/7; M_2 /3/4/5; mDC_2/3/7/8; pDC_4; Mast_1/3; F_2/3/5/8; E_2/6/8/9/10. 
Cells classified as non-supportive were: CD4_0/3/4; Tregs; CD8_0/3/5; mDC_1 /4; M2_0/1/6/7/8/9; pDC_1/2/3; 
Mast _2/5; F_1/6/7/9; E_7. The explanation of the cell type abbreviations can be found in Supplemental 
Table 5. A) Two representative CosMx images per response group in which the immunotherapy supportive 
cells (upper image) and the immunotherapy non-supportive cells (lower image) are visualized in situ. 
Epithelial cells are also shown for reference. B) The ratio of therapeutic vaccine supportive versus non-
supportive cells was determined in complete responders (CR), partial responders (PR) and non-responders 
(NR) to therapeutic vaccination. Ratio >1 indicating an excess of supportive cells, <1 indicating an excess 
of non-supportive cells. C) The average proportion of total cells classified either as supportive (green) or 
non-supportive (red) in the groups of CR, PR and NR patients. Statistical significance is calculated with the 
Z-test for difference in proportion, and indicated with asterisks: * p<0.05, ** p<0.01 and *** p<0.001. D) 
The proportion of total cells classified either as supportive (green) or non-supportive (red), present per 
individual patient. CR, n=6, PR, n=7, NR, n=7. 
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Presence and response of detected immune cell states after immune 
checkpoint blockade. 
We identified two patient cohorts who received neoadjuvant checkpoint 
blockade therapy, of which single-cell transcriptomics data on all cell types 
present in the TME were available. In the first cohort, patients with triple 
negative breast cancer (TNBC) were treated with anti-PD1 prior to surgery 33. 
In the second cohort, the effect of neoadjuvant anti-PDL1 with or without 
anti-CTLA4 was studied in advanced resectable head and neck squamous 
cell carcinoma (HNC) 34. We interrogated these datasets for the presence and 
response to checkpoint blockade of the immune cell states detected in the 
vHSIL lesions by a comparison of the frequencies of all these cells in the TME 
before neoadjuvant checkpoint therapy and at surgery. 

In both cohorts, checkpoint blockade resulted in the increased detection 
of the immune supportive CD4+CD161+ effector cells (CD4_6) and activated 
chemotactic CD8+ cells (CD8_7), while a decrease was observed in the non-
supportive population of suppressive CD8+ cells (CD8_0) (Figure 4AB). 
In addition, in both cohorts a decreased presence of non-supportive fibroblasts 
(F_1, F_6, F_7) was observed (Figure 4AB). There were also treatment group 
specific changes in immune supportive and non-supportive cell states found. 
In the TNBC cohort an increase in immune supportive proliferating CD4+ cells 
(CD4_9) and chemotactic macrophages (M_5) was observed after checkpoint 
blockade, while for the immune non-supportive populations an increase in 
Tregs (Treg_1, Treg_4) and a decrease in CD8_3 cells was found (Figure 4AB). 
In the HNC cohort the decrease of DC-like macrophages (mDC_3) and IGFB7+ 
endothelial cells (E_8) was observed after treatment (Figure 4AB).
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Figure 4. The response of identified cell states upon checkpoint blockade. 
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Neoadjuvant checkpoint blockade altered the proportion of several of the identified cell states present 
in the TME of A) patients with triple negative breast cancer (TNBC) 33, and B) patients with advanced 
resectable head and neck squamous cell carcinoma (HNC) 34. Boxplots show the proportion of those cells 
that significantly shifted after checkpoint blockade.
The ratio of immunotherapy supportive versus non-supportive cells was determined C) in the TNBC cohort 
and D) in the HNC cohort, before and after checkpoint blockade therapy. Boxplots depict this ratio, 
and how it changes upon immunotherapy, with paired patient data (lines connecting the same patient). 
Statistical significance is calculated with the Wilcoxon rank test, and indicated with asterisks: * p<0.05, 
** p<0.01 and *** p<0.001. The explanation of the cell type abbreviations can be found in Supplemental 
Table 5. E, F) The shift in the proportion of immunotherapy supportive and non-supportive cells before and 
after checkpoint blockade was visualized by scatter plots, showing a specific increase in the proportion 
of immunotherapy supportive cells upon checkpoint blockade therapy (vertical shift of the cloud upon 
therapy), while the proportion of non-supportive cells did not change upon therapy (no horizontal shift). 

The consistent increase in CD4+CD161+ effector cells (CD4_6), the activated 
chemotactic CD8+ cells (CD8_7) and decrease in the non-supportive population 
of suppressive CD8+ cells (CD8_0) cells single these cell states out as cells that 
are particularly being modulated by immune checkpoint therapy, irrespective 
of the checkpoint blocking antibody used. However, tumor type- and/or 
therapy-specific changes in immune supportive and non-supportive cell 
states were also found. To assess if checkpoint therapy displayed an overall 
positive effect on the proportion of immune supportive cells in the TME, we 
interrogated the data of these two cohorts with respect to the balance between 
immunotherapy supportive and non-supportive cells. In both cohorts the ratio 
between supportive and non-supportive cell states increased, indicating a 
shift towards a higher presence of immune-supportive cells in the TME after 
checkpoint blockade (Figure 4CD). Scatter plots showing the percentage of all 
supportive and non-supportive cell states in the TME for the patients before 
and after checkpoint blockade therapy shows a treatment-associated shift 
upwards above the diagonal, indicating that the enhanced ratio mostly is due 
to an increased percentage of immune supportive cell states upon treatment 
(Figure 4EF). Overall, these data indicate that checkpoint blockade is associated 
with significant alteration of the TME in favor of effective anti-tumor immunity 
and suggests a more prominent role for the CD4+CD161+ effector cells (CD4_6) 
and the activated chemotactic CD8+ cells (CD8_7) in this treatment. 

Spatial ecosystems prime the patient’s clinical response to 
immunotherapy. 
The abundancy of specific cell states from a variety of cell types in each 
response group can reflect different functional ecosystems in which different 
cells may play a role to build the ecosystem and/or interact to achieve a 
particular functional outcome within the ecosystem. We performed a 10µm 
distance neighborhood analysis to capture potential interactions between 
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cells that were significantly enriched in one clinical response group when 
compared to the other two response groups of vHSIL patients. In the CR 
group a central role was found for CXCL14+ reticular fibroblasts (F_3), known 
to foster immune cell infiltration41, displaying clustering with many types of 
T cells and dendritic cells (Figure 5A, Supplemental Figure 6A). CXCL14 is a 
chemokine with both pro-tumor (inducing M2 proliferation of macrophages, 
stimulating angiogenesis) and anti-tumor (chemotaxis of dendritic cells and 
natural killer cells) capacities, depending on the context.42-44 High numbers of 
CXCL14-expressing fibroblasts have previously been found to be associated 
with response to immune checkpoint blockade in renal cell carcinoma45, and 
with improved anti-tumor immunity in glioma46. Moreover, there was an 
enrichment of multiple specific cell states, including that of effector T cells 
(CD4_6; CD8_6), phagocytic macrophages (M_3), pDC_0, Tregs and of a T cell 
infiltrating supporting endothelial (E_8) subset37 more preferentially present 
in the CR than in the PR and NR group and with a higher probability to form 
the ecosystem (Figure 5). 
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Figure 5. Pre-existing cellular ecosystems are specific for the response to therapeutic 
vaccination. 
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To capture potential cellular interactions, a 10µm distance neighborhood analysis was performed on the 
single-cell spatial transcriptomics data of the complete responders (CR, n=6), partial responders (PR, n=7) 
and non-responders (NR, n=7) in the vHSIL cohort treated with therapeutic vaccination. 
A) Spatial cellular interaction networks (‘ecosystems’) that are specific for therapeutic vaccine-induced CR, 
PR and NR are shown. A triangle indicates cell types with a cell frequency that is specifically enriched in 
that response group, a circle indicates those that are not specifically enriched. The color of the connecting 
line reflects the level of significance and indicates how prominent the spatial interaction is in that response 
group, calculated by multinominal logistic regression (comparing the connection for pairs of subclusters 
between groups). The legend for the corresponding p-values is provided as a colored box. For CR: orange 
line indicates significantly increased compared to PR, blue line indicates significantly increased compared 
to NR. For PR: orange line indicates significantly increased compared to NR, blue line indicates significantly 
increased compared to CR. For NR: orange line indicates significantly increased compared to PR, blue line 
indicates significantly increased compared to CR. B) Visualization of the cells forming the CR, PR or NR 
characteristic ecosystems in a representative CR, PR and NR FFPE vHSIL section. Epithelial cells are also 
shown for reference. The explanation of the cell type abbreviations can be found in Supplemental Table 5. 

In the PR group a central role was found for two CD4 cell states (CD4_3 and 
CD4_4) interacting with many different states of dendritic cells and macrophages 
(Figure 5B). In particular, two CD4+ T cell states associated with type 2 
cytokine production clustered at higher probability with CCL18-expressing 
(M_6) macrophages, fibroblasts_1, suppressive mDC_1 and Tregs (CD4_5 and 
Tregs) compared to patients with CR or NR (Figure 5). As literature shows that 
especially CCL18+ macrophages activate fibroblasts47 48 , we investigated the 
correlation between the CCL18+ macrophages (M_6) and fibroblasts. Indeed, 
a direct relationship was found between the presence of CCL18+ macrophages 
(M_6) and fibroblasts in PR patients (r = 0.97, P = 0.0003), but not in NR (r = -0.17, 
P = 0.71) or CR (r = -0.24, P = 0.65) (Supplemental Figure 6B). Yet, when the 
correlation between macrophage_6 and the various fibroblast subtypes was 
examined, we found that the presence of CCL18+ macrophages was specifically 
related to the presence of the fibrosis enhancing subtype fibroblasts_1 in all 
response groups (PR, r = 0.95, P = 8.7x10-4; NR, r = 0.86, P = 0.01; CR, r = 0.79, P = 
0.06) but most pronounced in the PR patient group (Supplemental Figure 6C) 
and fitting with the fact that this patient group displayed the strongest influx 
with CCL18+ macrophages. This confirms that CCL18, but in particular CCL18 
expressing macrophages being the most dominant cell type expressing CCL18 
(Supplemental Figure 6D), induce immunosuppressive fibroblasts.

The CR- and PR-specific spatial ecosystems clearly differed from the one found 
in the NR group as in the latter group specific enrichment of interactions 
between non-supportive fibroblasts (F_6) and macrophages (M_0) and Tregs 
was found (Figure 5). These data demonstrate the presence of specific 
spatial ecosystems in vHSIL, of which the organization of tumor-immunity 
supporting cell clusters in CR clearly differ from the predominantly type 2 
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cytokine response-supporting cell clusters organized in PR, and from the 
absence of specific immune cell clusters in NR. This suggests that the type of 
cellular ecosystem present in treatment naïve vHSIL supports or restrains the 
clinical response to immunotherapeutic vaccination. Analysis of two pre- and 
post-vaccination vHSIL biopsies sustained this notion, showing an increased 
Th2 and a decreased Th1 outgrowth in a PR patient, but not in a CR patient, 
despite a similar strong systemic vaccine-induced IFNγ response mediated 
predominantly by CD4 T cells (Supplemental Figure 7).

Discussion 

Leveraging single-cell spatial transcriptomics in a clinically driven approach, 
we addressed a fundamental question in cancer research: the complexity 
and heterogeneity of the tumor microenvironment and its impact on 
immunotherapy responsiveness. Our analysis revealed that the complexity and 
diversity of cellular states in the TME varies significantly between patients, even 
among those with similar clinical outcomes. Specifically, the proportion of cells 
potentially supportive or non-supportive to anti-tumor immunity differs across 
patients and there was no consistent association between specific cell types 
and clinical response to immunotherapeutic vaccination. Instead, the TME of 
patients who achieved complete regression displayed a specific ecosystem 
in which inflammatory cells capable of supporting vaccine-driven anti-tumor 
responses closely interacted. In partial responders the TME comprised a mixed 
type 1 and type 2 cellular environment which was specifically dominated by 
close interactions between type 2 immune cells, generally less effective at 
supporting anti-tumor immunity.49 Our findings also show that neoadjuvant 
immune checkpoint therapy altered the balance between immune-supportive 
and non-supportive cell states within the TME, specifically increasing the 
proportion of immune-supportive cells. These observations underscore the 
broader clinical relevance of our data.

This study investigates the TME of patients treated with an immunotherapeutic 
vaccine. Over five decades of research have driven substantial progress in 
therapeutic cancer vaccine development, including the improved identification 
of tumor-specific antigens, the engineering of highly immunogenic platforms, 
and the integration of vaccines with immune checkpoint blockade therapies. 
These advancements are now bolstered by reliable methods for assessing 
vaccine pharmacodynamics.1 50 Despite these innovations, the identification 
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of robust predictive biomarkers for clinical success remains a pivotal unmet 
need. While vaccine-induced immune responses often correlate with clinical 
activity in trials1 17 50-53, 0pinpointing specific cellular or molecular biomarkers 
has proven challenging. This is likely due to the complexity and heterogeneity 
of the TME, where cell types, cell states, and their spatial interactions exhibit 
significant interpatient heterogeneity. Our findings underscore the importance 
of analyzing the TME in its spatial context to unravel this complexity. This spatially 
informed perspective may transform how we evaluate and stratify patients in 
immunotherapy, enabling tailored interventions with greater clinical impact.

Our data suggest that the overall balance between immune-supportive and 
restraining cells in the TME—spanning lymphocytes, myeloid cells, fibroblasts, 
and endothelial cells—determines vaccine efficacy. Moreover, our findings 
indicate that distinct cellular ecosystems, rather than isolated cell types, 
govern the lesion’s susceptibility to immunotherapeutic vaccination. An ideal 
therapeutic vaccine amplifies tumor-specific type 1 cytokine-producing CD4+ 
and CD8+ T cells.1 54 However, PR patients exhibited ecosystems enriched with 
type 2 cytokine-producing CD4+ T cells (CD4_3, CD4_4), which interacted with 
Th2-attracting macrophages (M_6), wound-healing fibroblasts (F_1), and certain 
dendritic cells (mDC_1). This Th2-dominant environment may undermine 
vaccine-driven anti-tumor responses, despite the presence of robust systemic 
Th1/Th2 immunity post-vaccination17. 

The presence of distinct ecosystems explaining variable clinical outcomes is 
consistent with observations in preclinical and clinical models. For example, 
recent murine studies demonstrated that a spatial triad of CD4+ T cells, 
CD8+ T cells, and dendritic cells is critical for both anti-tumor immunity and 
responsiveness to checkpoint inhibitors.55 Similarly, Luca et al. identified 
carcinoma ecosystems (CEs) across 16 human cancers.56 Two distinct 
ecosystems, CE9 and CE10, have been strongly associated with favorable 
clinical outcomes, including longer overall survival, spontaneous regression of 
premalignant lung lesions (CE10), and positive responses to checkpoint blockade 
therapy (CE9). The differential association of CE9 and CE10 with specific clinical 
outcomes underscores the concept of therapy-specific ecosystems. Consistent 
with this, the CR-associated ecosystem identified in our study shares several 
cellular states with CE9 and CE10. For example, DC_S1 and mDC_2 correspond 
to cDC1; DC_S3 (CD80, CD274) aligns with mDC_7; CD8_S1 (GZMK) matches 
CD8_3; CD8_S3 (GZMB) is similar to CD8_6; Mast S4 (TPSAB1, TPSB2, CPA3) 
corresponds to Mast_1; CD4_S1 (IL2RA, CTLA-4, Foxp3, TIGIT) resembles Tregs/
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CD4_5; and CD4_S2 (IL7R) aligns with CD4_6. Importantly, our findings also 
revealed the enriched presence of cDC2 (mDC_8), phagocytic M1 macrophages 
(M_3), a unique fibroblast state (F_3), and several IGFBP7hi endothelial cell 
states in CR patients, further illustrating ecosystem-level differences linked 
to clinical outcomes.

These results extend our understanding of T cell-based immunotherapy, 
highlighting conserved cellular features across various treatment modalities. 
One prominent example is the enrichment of CD161(KLRB1)+CD4+ Th1 effector 
cells in CR patients from our vaccine cohort. This cell population was similarly 
enriched in responders with triple-negative breast cancer (TNBC) and head 
and neck cancer (HNC) treated with PD1 or PDL1 checkpoint blockade.33 34 Our 
previous work described this CD161+CD4+ effector memory subset in tumors 
exhibiting active anti-tumor T cell responses. 57 These cells are characterized 
by their ability to produce key effector cytokines, including IFNγ and TNFα16, 
and their rapid response to antigen recognition compared to CD161-negative 
counterparts58. Moreover, increased numbers of intratumoral CD161+CD4+ 
effector cells are strongly correlated with improved survival in multiple cancers, 
including HNC.16 58 Collectively, these observations underscore the pivotal role 
of this CD4+ T cell population in driving effective immunotherapy responses. 

Another key finding is the presence of cells producing immune cell homing 
cytokines, which were detected in both partial and complete responders. 
Specifically, we identified a subset of CD4+ T cells (CD4_2) expressing IL16, 
a cytokine known to recruit monocytes, dendritic cells, and T cells into 
lesions.59-61 In vHSIL, CD4_2 cells were spatially interacting with effector cells, 
including CD4_6 and CD8_6. In checkpoint blockade cohorts, treatment 
increased the prevalence of CD8+ T cells (CD8_7) producing the chemokines 
CCL3 and CCL4, which attract various myeloid cell types and T cells.62 63 Recent 
evidence also demonstrates that CCL3 and CCL4-producing CD8+ T cells 
infiltrate tumors upon therapeutic vaccination, driving the recruitment and 
activation of phagocytic M1-like macrophages, ultimately leading to complete 
tumor regression.64 Based on their cellular interactions within the CR ecosystem 
and functional roles described in the literature, several other cell states are 
likely to positively influence clinical outcomes following immunotherapy. While 
the contribution of these states remains to be fully elucidated, the importance 
of CD161+ Th1 cells (CD4_6), chemotactic CD8+ T cells (CD8_7), CD8+CD103+ 
tissue-resident effector cells (CD8_6), and phagocytic M1 macrophages (M_3) 
has been firmly established.65
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The study also identified macrophages expressing CCL18, a marker of 
alternatively activated macrophages within Th2-dominant environments.66 While 
CCL18 may directly boost tumor growth67, its production also leads to the 
preferential attraction of Th2-like cells and Tregs39 40, both enriched in PR 
patients. The presence of these macrophages was connected to that of Th2 cells, 
both of which were predominantly found in patients with a partial response 
upon therapeutic vaccination. Previously, we have shown that vaccination led 
to the activation of both Th1 and Th2 CD4+ T cells, and in a vHSIL patient case 
with a PR we were able to show that only tumor-specific Th2 cells could be 
cultured from the lesion after vaccination.17 Our study thus identified CCL18 as 
a potential target for co-treatment during therapeutic vaccination. A recently 
developed in vivo active CCL18 blocking peptide68 may provide such help.
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Supplemental Figures

Supplemental Figure 1. Cell clusters, spatial niches and epithelial cells.
Archived FFPE tissue sections obtained from vHSIL patients (n=20) before therapeutic vaccination with 
an HPV16 synthetic long peptide vaccine, were subjected to single cell spatial transcriptomics. Upon 
vaccination, 6 patients showed a complete response (CR), 7 a partial response (PR) and 7 no response (NR).
A) The 18 identified cell clusters and their top characterizing genes. 
B) The 5 identified spatial niches (3 epithelial, 1 stromal, 1 stromal-epithelial interface) and the proportions 
of the various cell types in those spatial niches. 
C) The number of cells and proportions per spatial niche per patient. The horizontal line indicates the 
group-wise proportion. 
D) The 6 epithelial cell clusters, and the top genes expressed in those clusters. Highlighted in green are 
the keratins. 
E) Epithelial cell map, showing the various differentiation states of the epithelial cells: basal cells, 
suprabasal cells, activated keratinocytes, contractile keratinocytes, differentiating and fully differentiated 
keratinocytes. Adapted from Freedberg et al. J. Invest. Derm. 2001.
F) The number of cells and proportions per epithelial cell cluster per patient.
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Supplemental Figure 1. Continued
G) CosMx images of the 20 individual patients, and the spatial distribution of the 6 identified epithelial 
cell clusters.
H) The number of cells and proportions per non-epithelial cell cluster (n = 12) per patient.



151

Spatial transcriptomics identifies ecosystems associated with immunotherapy response

5

Supplemental Figure 2. All non-epithelial cell clusters and their highly expressed genes.
On the left, the UMAPs of the non-epithelial cell clusters (n = 12) and all their cell states (n = 99) are shown. 
Each dot indicates a single cell, derived from the single cell transcriptomics experiment on treatment naive 
vHSIL patients (n=20). On the right, the top expressed genes per cell state are shown.
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Supplemental Figure 2. Continued
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Supplemental Figure 3. Cytokine analyses of the immunotherapeutic vaccine-induced 
T helper profile.
In vitro assays were performed to study the effector T cell response in vHSIL patients upon therapeutic 
vaccination.
A) Cytokine responses from vHSIL biopsies pre- and post-immunotherapeutic vaccination, in a CR and PR 
patient (paired samples, connected by a line). On the left IFNy, indicative for a T helper 1 response, and 
on the right IL5, indicative for a T helper 2 response
B) Percentage of HPV-specific T cells by T cell subtype, cultured from vHSIL biopsies pre- and post-
immunotherapeutic vaccination, indicating that it is predominantly a CD4+ T cell response.
C) Cytokines derived from freshly cultured antigen stimulated PBMCs post-immunotherapeutic vaccination.
The Median-of-Max (MoM) value on the y-axis was calculated by taking the median of the highest specific 
ELIspot counts per blood sample, so that one value could be obtained for the systemic T cell response 
per individual patient.
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Supplemental Tables 

Supplemental Table 2. Characterizing gene set per cell type.

Expected cell type Gene

B cell

MS4A1

CD19

CD79A

IGKC

Endothelial

VWF

PECAM1

RGS5

SPARCL1

Epithelial

KRT5

KRT17

KRT19

EPCAM

Fibroblast

COL1A1

COL1A2

COL3A1

Macrophage

CXCL8

CD68

CD163

C1QA

C1QB

C1QC

LYZ

MMP9

IL18

Mast cell

CPA3

TPSB2

TPSAB1

KIT

CSF3R

mDC CLEC10A

Neutrophil
IL1B

ITGAX

NK cell NCR1

Expected cell type Gene

pDC
IL3RA

GZMB

Plasmablast

JCHAIN

IGHG1

IGHG2

IGHM

IGHA1

MZB1

XBP1

T CD4, T CD8

CD3E

CD3D

CD3G

T CD4

IL7R

STAT4

TBX21

T CD8

CD8A

CD8B

KLRK1

GNLY

GZMA

Treg

FOXP3

CTLA4

PDCD1

IL32

TIGIT
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Supplemental Table 4. Characteristics of the validation single cell transcriptomics 
datasets.

Paper Tissue  Therapy 
Number of 
patients

Number of cells 
after QC 

Kong, Immunity 
2023

Crohn’s disease 
+ healthy colon

- 85 413877 

Kang, Nature 
Communications 
2024

30 cancer types - 999 4901584 

Bassez, Nature 
Medicine 2021

Breast cancer Anti PD1 
(pembrolizumab)

31 175942 

Franken, 
Immunity 2024

Head and neck 
cancer

Anti PD1 
(durvalumab) 
+/- anti CTLA4 
(tremelimumab)

20 446380 

Supplemental Table 5. Cell state defining genes.

Cluster
Cell  
abbreviation

Cell  
state

Cell state defining 
genes and references

Expected 
immune impact

CD4 T cells     

0 CD4_0 IFN signalling, low 
cytotoxic 

MX1, OAS1-3, CST7[1] Non-supportive

1 CD4_1 Non-specified CD4 
T cell

  

2 CD4_2 Homeotypic cytokine 
producing 

IL-16[2], LTB, MALAT-
1[3], CD37[4]

 

3 CD4_3 Activated Th2 GATA3, CRIP1[5], 
RGCC[6], CD44[7], 
LMNA[8], ANXA3[9]

Non-supportive

4 CD4_4 IL-2 stimulated , 
activated non-Th1 
cells

S100A4[10], S100A6, 
LGALS1, LMNA[8], 
VIM[11], CRIP1

Non-supportive

5 CD4_5 Treg with relatively 
lowered Foxp3

IL2RG, CTLA4, TIGIT, 
MAF, FOXP3 [12]

 

6 CD4_6 Th1 effector cell IL7R[13], CD28[14], 
KLRB1[15], 
TNFRSF12A, CD44[7]

Supportive

7 CD4_7 Non-specified CD4 
T cell

  

8 CD4_8 Activated 
suppressive, 
migratory inhibited 
Th cell

LAMP3[16, 17], 
CD83[18, 19], IRF4, 
RGS1[20]

Non-supportive
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9 CD4_9 Proliferating Th cells VIM, TUBB, HMGB2, 
COTL1, HP90AA1, 
CALM1 [21]

Supportive

10 CD4_10 Proinflammatory, 
proliferating effector 
Th cell

MALAT1, CRIP1, 
BATF3[22], CUZD1[23], 
ICOS[24], IL12, IL17, 
IL20, IL23

Supportive

Tregs     

0 Treg_0 Long term surviving 
Tregs

BCL2, BCLXL Non-supportive

1 Treg_1 Effector Tregs MAF[25, 26], CTLA-4 
[12]

Non-supportive

2 Treg_2 Effector Tregs SRGN, IL2RG, ICOS [12] Non-supportive

3 Treg_3 Activated Tregs EMP3 [27] Non-supportive

4 Treg_4 Non-specified Treg  Non-supportive

5 Treg_5 Non-specified Treg  Non-supportive

6 Treg_6 Homeostatic Tregs MX1, PX1 [28] Non-supportive

7 Treg_7 Effector Tregs IRF4[29], ICOS, GITR, 
OX40R 

Non-supportive

CD8 T cells     

0 CD8_0 Activated, non type 1, 
suppressive 

S100A6[10], S100A4, 
LGALS1[30], CRIP1, 
ANXA1[9]

Non-supportive

1 CD8_1 Terminally 
differentiated, 
cytotoxic and T cell 
chemotactic

STAT4[31], CTSW[32], 
GNLY, XCL1[33, 34]

Supportive

2 CD8_2 Non-specified CD8 
T cells

  

3 CD8_3 Low cytotoxic, CCL5 
producing 

GZMK[35], CST7[1], 
CCL5 

Non-supportive

4 CD8_4 Non-specified CD8 
T cells

  

5 CD8_5 Innate stimuli 
responding, 
proliferation 
Impaired, terminally 
differentiated

STAT4, IL12R, IL18R, 
ITGAL[36], CASP8[37], 
SIGIRR[38], 
MALAT1[39]

Non-supportive

6 CD8_6 Activated, cytotoxic, 
terminally 
differentiated tissue 
resident 

CD69, PD1, GNLY, 
GZMB, IL7R, ITGAE, 
MALAT1[39] [40]

Supportive

7 CD8_7 TCR activated, 
chemotactic 

DUSP2[41], DUSP4[41], 
TIGIT, CCL3[42, 43], 
CCL4[42]

Supportive
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Macrophages     

0 M_0 MHC class II-low non-
activated

HLA-DRA, HLA-DRB1, 
HLA-DPA1, SOD2[44]

Non-supportive

1 M_1 CD163 M2c CD163[45], 
Selenop[46], PSAP, 
MAF, CD36, CD14, 
CD209, MRC1, 
C1qa[47]

Non-supportive

2 M_2 Non-defined   

3 M_3 Inflammatory 
MHC class II-high, 
phagocytic M1-like

TLR2[48], ITGAV[49], 
IFNGR, FCGR3a[50], 
CLEC7a[51], HLA-DRA, 
HLA-DPA1

Supportive

4 M_4 Proliferating KI67, RSPO[52], 
CUZD1[23]

Supportive

5 M_5 TLR activated, 
chemotactic

RGS1, RGS2, CCL2, 
CCL3, CCL4, CXCL2, 
CXCL3 

Supportive

6 M_6 Th2 attracting and 
suppressive M2-like

CCL18[53], CCL13, 
EMP3[54]

Non-supportive

7 M_7 IL10-induced CD163+ 
suppressive M2-like 

IL10R, LAIR1[55], MAF, 
CD163 [56]

Non-supportive

8 M_8 Prostaglandin and 
Galectin-3 M2-like 
macrophages

PTGDS[57], 
LGALS3[58] [59, 60] 

Non-supportive

9 M_9 GPNMB M2-like 
macrophages

Cd11c, GPNMB[61], 
IFNGR1

Non-supportive

Neutrophils    Very low numbers 
of neutrophils 
across alll 
samples

0 N_0 Non-specified CSF3R[62]  

1 N_1 CD16hi, IFN sensing, 
activated 

CD16, MX1, IFITM1, 
FPR1 [63-65]

 

2 N_2 Proinflammatory 
cytokine producing

IL-8, IL1B, PTPRC, FOS, 
JUN [66, 67]

 

pDC     

0 pDC_0 GZMB+ IFN activated 
pDC 

GZMB[68, 69], 
GPX1[70], MX1 

 

1 pDC_1 CCR2+ homeostatic 
pDC

CCR2[71] Non-supportive

2 pDC_2 PTGDS+ suppressive 
pDC

PTGDS[59, 60, 72] Non-supportive

3 pDC_3 Type II cytokine pDC PSAP[56] Non-supportive

4 pDC_4 Translationally active 
pDC

RPL21, RPL37  
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5 pDC_5 NOT pDC lacks: PLAC8, JCHAIN, 
IL3A [73]

 

mDC     

0 mDC_0 Non-specified mDC   

1 mDC_1 Suppressive DC EMP3[54], CRIP1[5] Non-supportive

2 mDC_2 Cross presenting 
cDC1

BATF3[74-77], IDO1 Supportive

3 mDC_3 T cell attracting DC-
like macrophages

CD68, CD14, C1q, 
CXCL9

Supportive

4 mDC_4 Immature 
suppressive DC

CD33, RELT[78], 
CLEC5A[79], IL1RN[80]

Non-supportive

5 mDC_5 SerpinA1+ CLEC10A- 
cDC2

PSAP, LYZ, CLEC12A, 
CLEC4A, SERPINA1 [81]

 

6 mDC_6 IL1B+ DC IL1B[82]  

7 mDC_7 CCR7+ mature DC LAMP3[83], CD83, 
CD80, CD40, PDL1

Supportive

8 mDC_8 CLEC10A+ cDC2 CLEC10A[81, 84] Supportive

Mast cells     

0 mast_0 Non-specified   

1 mast_1 Mature inflammatory 
mast cells 

CD44[85], IL1RL1, BTK 
[86]

Supportive

2 mast_2 Suppressive mast 
cells

LGALS1[87] Non-supportive

3 mast_3 Inflammatory mast 
cells

TNFSF10[88] Supportive

4 mast_4 Non-specified   

5 mast_5 Mature CD37+ non-
inflammatory MC

CD44, LGALS3, CD37 
[89]

Non-supportive

6 mast_6 Degranulating 
monocyte attracting 
mast cells

CTSG, ATG12, AZU, 
NPPC [90-92]

 

7 mast_7 Activated 
desensitized mast 
cells

CD69, LIF, NFKBIA, 
RGS1, RGS2 [93, 94]

 

Plasma cells     

0 P_0 IgA dimer producing 
activated plasma 
cells, optimized for 
TLR mediated Ab 
production

IGKC, JCHAIN, IGHA1, 
CD27[95], IRF4[96, 
97], HSP90B1[98]

 

1 P_1 IgG producing plasma 
cells

IGKC, IGH1, IGH2, 
XBP1, MZB1, CD38, 
FKBP11 [99, 100]

 

2 P_2 IgG production 
inhibited plasma cells 

LPAR5[101], 
LAIR1[102], MPO[103]
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3 P_3 AZU1+ IgG+ B cells IGHG1, AZU1[104]  

4 P_4 igA monomeric 
producing plasma cell

IGKC, IGHA1  

5 P_5 IgG producing plasma 
cells

IGKC, IGHG1, IRF4  

6 P_6 Class switching 
B cells (BATF3) 
low IgG/A

IGKC, BATF3[105]  

7 P_7 Autophagy-related 
protein 10+ IgA+ 
memory B cells

IGHA1, CD27, ATG10  

8 P_8 Cytokine producing 
IgA+ plasma cells 

IGKC, IGHA1, CD79A, 
IL23A[106], CCL11

 

 B cells     

0 B_0 NOT B cells marker genes low 
(MS4A1, CD19, CD79A, 
CD27, CD24, IGHx)

 

1 B_1 Activated B cells IL27R, CD80, LTB  

2 B_2 Mature B cells 1 MS4A1, CD79A, CD37  

3 B_3 Naive B cells TCL1A, IL4R, 
CXCR4,IGHM, IGHD

 

4 B_4 NOT B cells marker genes low 
(MS4A1, CD19, CD79A, 
CD27, CD24, IGHx)

 

5 B_5 Mature B cells 2 MS4A1, CD79A, CD37  

Endothelial  
cells 

    

0 E_0 Post capillary/high 
endothelial venule 
Ecs

VWF, ACKR1 [107-110]  

1 E_1 Non-defined ECs   

2 E_2 HLA class I high ECs HLA-A, HLA-B, HLA-C, 
IGFBP7[111]

Supportive

3 E_3 Immature angiogenic 
ECs

FLT1, KDR, GSN, ENG 
[107-109, 112, 113]

 

4 E_4 Late stage cell 
differentiated 
arteriolic ECs 

TAGLN, ACTA2, MYL9, 
MYH11 [107-109, 114]

 

5 E_5 NOT ECs marker genes low 
(PECAM, VIM) [115]

 

6 E_6 Lymphatic ECs CCL21[116], S100A10, 
ANXA2, CD9, IGFBP7 
[107-109, 112]

Supportive
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7 E_7 Arteriolic IGF1+ Notch 
-signalling ECs 

JAG1, SAT1, EFNB2, 
IGF1, ICAM2[117], 
IGFBP3[118] [107-109, 
119]

Non-supportive

8 E_8 Immature IGFBP7-
immune supportive 
angiogenic ECs 

FLT1, KDR, ENG, 
IGFB7[111], RGCC[120] 
[107-109, 112]

Supportive

9 E_9 CLEC14a+ angiogenic 
ECs 

CLEC14A[121], CD81, 
CD9 [107-109, 122]

Supportive

10 E_10  HLA class I high, 
interferon signalling 
ECs

IFITM1, MX1, IFI27, 
OAS3, OAS2, 
IGFB7[111] [107-109, 
123]

Supportive

Fibroblasts     

0 F_0 Non-defined 
fibroblasts

  

1 F_1 Fibrosis enhancing 
fibroblasts

LUM[124] Non-supportive

2 F_2 Pericytes/vascular 
smooth muscle cells 

TAGLN, ACTA2, 
PDGFRB, RGS5 [125-
128]

Supportive

3 F_3 Type B CXCL14+ 
reticular fibroblasts

CXCL12, CXCL14[129], 
MGP [126, 130]

Supportive

4 F_4 Type A fibroblasts COL1A1, COL6A1, 
COL6A2, COL18A1 
[126]

 

5 F_5 Type B immune 
stimulatory 
fibroblasts

CFD, CXCL12, 
CXCL14[129], 
IGFBP5[131, 132]

Supportive

6 F_6 Type B/S5 fibroblasts 
driving type 2 
cytokine immunity

CXCL12, CCL2, CCL19, 
CXCL1, CXCL3, VCAN, 
MEG3, IGF1, PDGFRA 
[126, 127, 133]

Non-supportive

7 F_7 Type C prostaglandin 
producing senescent 
fibroblast

SPARCL1, CFD, 
RARRES2, PSAP, 
PTGDS [126, 134-137]

Non-supportive

8 F_8 Adventitial 
fibroblasts

APOD, GSN, IGFB6 
[138]

Supportive

9 F_9 Non-inflammatory 
fibroblasts

ZFP36[139], DUSP1 Non-supportive
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