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Mouse models are frequently used to develop treatments for human
cancer. However, the degree to which their tumor microenvironments
(TMEs) are synonymously assembled is particularly poorly characterized.
Through systematicimmunoprofiling of 15 commonly used mouse models,
we found that most murine TMEs recapitulate the composition of poorly
infiltrated human tumors, extensively biased toward high macrophage
densities. We discovered substantial species-specific biases of chemokine
expression networks known to drive TMEs assembly, together with
discoordinated frequencies of T and myeloid cell subtypes. Even with
variable alignment, conserved cell-type-specific gene expression programs
emerged across species and cohorts. Dissecting the coordinated T cell-
myeloid gene expression programs revealed a conserved axis between
interferon-responsive myeloid states and ongoing T cell cytotoxicity that
transcends tissue of origin and predicts clinical outcome. Collectively, this
work provides a practical atlas outlining both the hazards and opportunities
of using mice to model human cancer.

The immune composition of the human tumor microenvironment
(TME) is a critical determinant of patient outcomes"?. Human TMEs
span a spectrum from highly inflamed, immune-rich (‘hot’) tumors
to multiple poorly infiltrated (‘cold’) types, further distinguished by
fibroticcomponents, and T cell and myeloid subpopulations®”. These
classes associate with prognosis across cancer types®”, and each will
probably require tailored therapeutic consideration. However, the
mechanismsdriving these recurring TME patterns remain poorly under-
stood, limiting feature-based treatment design®”’.

Despite millions of years of evolutionary divergence, mice
remain indispensable for studying human cancer biology. Mouse

models have revealed conserved mechanisms of tumor develop-
ment, progression and drug resistance', in addition to demon-
strating the efficacy of checkpoint blockade and fundamentals of
the tumor immune escape . Yet, frequent failures in predictive
efficacy'®" highlight the need for more nuanced model selection
and deeper understanding of species-specific differences in tumor
immunity.

In-depth comparisonbetween murine and human TMEs have been
limited. Prior studies report immune diversity across mouse models
and tumor sizes®*, as well as discrepancies in T cell profiles with
indication-matched patients?. While insightful, they lack sufficient
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breadth and resolution to assess how well mouse models capture the
full diversity of human TMEs.

Several frameworks classify human TMEs into conserved ‘sub-
types’>*, ‘ecotypes” or ‘archetypes”’, which presumably represent
templates for local immune systems that co-opt immune contexts
ranging from wound healing to chronic viral infections”**?’, These
provide considerably greater granularity than the broad immune ‘rich’
versus ‘poor’ designations. Anotherapproachtodescribe TME diversity
is characterizing their defining cell-cell relationships. For example,
regulatory T (T.,) and exhausted T cells have each been linked to par-
ticular myeloid populationsinsome human and murine TMEs*®"*, while
in others the occurrence of tertiary lymphoid structures is mediated
through co-inclusion of dendritic cells, various fibroblasts populations
and CD4 T cells expressing the B-cell-attracting chemokine CXCL13
(refs.34-37).

To systematically compare TMEs across species, we generated
high-dimensional profiles from diverse murine TMEs and analyzed
them alongside human TME datasets. By integrating archetype clas-
sification, gene expression programs (GEPs) and cell-cell relation-
ships, we identified consistent species biases, including differences
inchemokine expression (notably CXCL13),immune interactions and
transcriptional programs. Altogether, this resource provides bothrich
data (accessible at https://quipi.org/app/quipi_humu) and aframework
for understanding similarities and divergences between mouse and
human TMEs, supporting more informed selection and refinement of
mouse models for translational cancer research.

Results

Most mouse models recapitulate the composition of desertic,
macrophage-rich human tumors

To benchmark the immune composition and transcriptomic pat-
terns of typical murine TMEs against human TMEs, we profiled 15
widely used mouse models representing more than 95% of published
immunotherapy studies. This selection includes common cell lines
(notably B16F10, MC38, CT26, LLC, 4T1 or RENCA), autochthonous/
transplanted (KPC) and genetically engineered models (MMTV-PyMT)
across BALB/c and C57BL/6 backgrounds'®2°***¢ (Fig. 1a, Table 1 and
Supplementary Table1). Tumors were analyzed at day 14 after implan-
tation (or ~500 mm?) using cytometry by time-of-flight (CyTOF) in
all models and using single-cell RNA sequencing (scRNA-seq) in
nine models.

As a primary comparator, we used the human ImmunoProfiler
dataset, which definesimmune archetypes based on human TME com-
positionand deep transcriptomic profiling of T cell, non-granulocytic
myeloid, stromal and tumor populations, and has already bench-
marked multiple studies™****° (Supplementary Table 1). By ana-
lyzing total immune frequencies across human and murine TMEs
(Extended DataFig.1a), we found that both species displayed bimodal
distributions of total immune density (‘rich’ and ‘poor’), but murine
TMEs had significantly lower overall immune cell frequencies than
human TMEs (Fig. 1b).

Based on our studies and others that classified human TMEs*¢’,
we used ten major cellular TME compartments to compare the com-
position of overall human and murine TMEs (Extended Data Fig. 1b).
We found that murine TMEs consistently contained fewer T cells and
higher myeloid frequencies than human TMEs, with a particular bias
toward macrophage abundance (Fig. 1c). Variance across murine TMEs
wasdrivenlargely by myeloid density and composition, whereas human
TMEs exhibited broader T cell variability (Fig. 1d). Imaging of intact
human and murine tumors confirmed these findings, showing that
humantumors generally were T-cell-dominated, while mouse tumors
were strongly myeloid-biased (Fig. 1e,f and Extended DataFig. 1j).

Despite model-specific variations in murine TME composition
(Extended Data Fig. 1c,d, in line with previous reports’*2°?*) embed-
ding mouse and human samples revealed that nearly all mouse models

(except RENCA) clustered with immune-desert, macrophage-rich
human archetypes (Fig. 2a,b). These two archetypes represent only
~17% of patients in our ImmunoProfiler cohort’, withindication-specific
variations ranging from 0% in hepatocellular carcinomas to 46.5% in
gynecological tumors (Extended Data Fig. 1e).

To extend this analysis, we queried 2,543 additional mouse
RNA-seq samples from 178 studies deposited in the NCBI's Sequence
Read Archive that we benchmarked against an established human TME
classification’built onthe TCGA*. Across this large mouse cohort, more
than 60% were classified as ‘lymphocyte-depleted’ (C4), while very few
were classified as immune-rich’ (-7%inthe C2 and C6 subtypes) (Fig. 2c,
Extended Data Fig. 1h,i and Supplementary Table 1). Therefore, low
T cellinfiltration is a dominant feature of murine tumors.

Importantly, the T cell to myeloid imbalance in murine TME
(Extended Data Fig. 1f) persisted across many experimental condi-
tions, including KPC pancreatic tumorsimplanted either orthotopically
or subcutaneously, and in B16, LLC and MC38 tumors inoculated to
either mice housed under ‘dirty’ conditions, which can promote T cell
activationand accumulationin tissues*, or to aged mice or mice fed a
high-fat diet (Extended Data Fig.1g).

Taken together, these findings suggest that even though murine
TMEs display model-specific variations, they predominantly resemble
aminority subset ofimmune-desertic, macrophage-rich human TMEs.

Divergence in chemokine networks

Chemokine networks being major contributors toimmune cell den-
sities in tissues*’, we performed a systematic analysis of chemokine
and receptor transcript expression”*>** within key cell populations
of the TMEs. For this, we analyzed bulk RNA-seq data from sorted T,
T, myeloid, tumor and stroma compartments from human TMEs’,
compared to pseudobulked scRNA-seq datasets from our murine TME
cohort (Extended Data Fig. 2a). The mouse scRNA-seq also allowed to
describe subtype-specific expression of each chemokine (Extended
Data Figs. 2b-fand 3b-d) in T cells, dendritic cells, monocytes and
macrophages, and nonimmune cells subclusters.

We first analyzed the expression patterns of chemokine recep-
tors across compartment and species (Extended Data Fig. 3a-c),
before focusing on T-cell-specific chemokine receptors. While several
chemokine networks were conserved (CCR4, CCR7, CXCR4, CXCR6
expression patterns, as well as their ligands), key differences emerged.
Notably, CCR2and CCRS transcripts werereduced in mouse T cells rela-
tive to human T cells (Fig. 3a,b), which was consistent across models
and subsets (Extended Data Fig. 3b) and confirmed at the protein level
for CCRS (Fig. 3c).

Inaddition, the expression of CXCR3and CXCR5 (two major drivers
of T cellinfiltration in tumors*~*°) was conserved in murine T cells but
the expression patterns of their canonical ligands were highly dissimi-
lar across species. In murine TMEs, CXCL9 and CXCL10, and CXCL13,
were enriched in the stroma (that s, fibroblasts), while biased toward
myeloid and T/T,, cells, respectively, in human TMEs (Fig. 3d,e and
Extended DataFig.3c,d). The T cell bias for CXCL13 expressionin human
TMEs was not absolute because occasional human tumors showed
substantial stromal CXCL13 expression (Fig. 3f). These observations
bearanimmediateimportance for the field as recent studies suggested
that immune checkpoint responsive networks are organized around
CXCL13" T cells in patients**'and those rarely occur inmouse models.
They also constitute important guidance for future mouse studies of
human-relevant transcriptomic networks.

Interspecies deviations in TME immune cellular networks

Multiple studies have demonstrated that the presence of one cell
type in the TME can correlate with another, typically because one
either recruits or supports the other®>**, Therefore, we analyzed
specific relationships in cell densities between cell types in human
versus murine TMEs (Fig. 4). Total immune infiltration was inversely
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Fig.1| Compositional disparities between human and murine tumors.

a, Schematic of our human’ and murine study cohorts. b, Violin plot presenting
the frequency of CD45" in Live cells from human (blue, all samples grouped,
n=170) versus murine (orange, all samples grouped, n =109) tumors
(P=1.39x107). ¢, Violin plot presenting the frequencies of conventional T
cells (P=4.83 x10™), non-granulocytic myeloid cells (combining monocytes,
macrophages, conventional DCs and plasmacytoid DCs, P=2.57 x107"),
nonimmune stroma (CD44'CD90" in CD457, P=2.17 x10°) and CD4" T,
cells (P=1.65x107%) out of Live cells; CD4 T conventional (P=4.23 x10°%) and
CD8 (P=7.31x10"*) out of T cells; monocytes (P=9.55 x 10*), macrophages
(P=1.72x10""),cDC1(P=5.85x10") and cDC2 (P =4.11 X 107?) out of myeloid
cells between human (blue, all samples grouped, n = 224) and mouse (orange,
allsamples grouped, n =109) tumors. d, Plot comparing the relative variance
of each parameter shown inb (colored according to cellular compartment)
between human and murine tumors. The diagonal line represents an equal
relative variance between the two species. e, Representative images

showing our identification of T (pink, identified as CD3*CD4""CD8""in
human and CD3*CD11b" in mouse) and myeloid (green, identified as

T T
Human Mouse

CD3 HLA-DR*XCR1"”"CD163"~in human and CD3"CD11b* or CD3 MHC-II* in mice)
cellsinahuman (left) or murine (right) tumor slice. f, Box plot presenting the
ratio of T cells over myeloid cells in human (blue, n = 85) versus murine (orange,
n=10) tumors (P=2.1x10"°), calculated using ameasurement based on the
imaging shown in e. Boxes represent the 25th-75th percentile; the horizontal
line represents the median; the whiskers represent 1.5 times the interquartile
range (Tukey); and points represent individual samples. Statistical significance
inall panels was calculated using a t-test with Bonferroni correction, *P,4;< 0.05,
Py < 0.01,**P, 4 < 0.001, ***P,4; < 0.0001. All statistical tests were two-

sided; Pvalues are reported as exact values unless otherwise indicated. GBM,
glioblastoma; PNET, primitive neuroectodermal tumor; HNSC, head and neck
squamous cell carcinoma; LUAD, lung adenocarcinoma; HEP, hepatic tumor;
KID, kidney tumor; PDAC, pancreatic ductal adenocarcinoma; MEL, melanoma;
CRC, colorectal cancer; BLAD, bladder cancer; GYN, gynecologic tumor; SARC,
sarcoma; UMAP, uniform manifold approximation and projection; Hu, human;
Mu, murine; BRCA, breast carcinoma; GEMM, genetically engineered mouse
model; cDC, conventional dendritic cells. Panel a created in BioRender; Lab, C.
https://biorender.com/vf8ffoa (2026).
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Table 1| Celllines

Cellline Origin Culture medium Incubation Injection site Number
injected
B16-F10 CRL-6475 (ATCC) 37°C5% CO, Subcutaneous, right flank 250,000
LLC CRL-1642 (ATCC) 37°C5% CO, Subcutaneous, right flank 500,000
MC38 SCC172 (Sigma-Aldrich) 37°C5% CO, Subcutaneous, right flank 500,000
4T CRL-2539 (ATCC) 37°C5% CO, Mammary fat pad 250,000
DMEM (catalog number 11995-065, P - —
YUMM1.G1 CRL-3363 (ATCC) Gibco), 10% FCS (Benchmark), 37°C 5% CO, Subcutaneous, right flank 2million
YUMM3.3 CRL-3365 (ATCC) 1 penicillin-streptomycin-glutamine  37°c5%CO,  Subcutaneous, right flank 2million
(Thermo Fisher Scientific)
YUMM5.2 CRL-3367 (ATCC) 37°C5% CO, Subcutaneous, right flank 2million
KPC-F (FC1245) 37°C5% CO, 1,000
KPCY-C2 (6694c2) . Collisson (UCSF) 37°c5%co,  Lancreas(orthotopicinjections 544 o
T T = 777772  describedin Jiang et al.*)
KPCY-C5 (7160c5) 37°C5% CO, 500,000
ID8 SCC145 (Thermo Fisher DMEM, 4% FCS, 1x penicillin- 37°C5% CO, Subcutaneous, right flank 2million
Scientific) streptomycin-glutamine,
1x insulin-transferrin-selenium
(Thermo Fisher Scientific)
RENCA CRL-2947 (ATCC) RPMI (catalog number 37°C 5% CO, Subcutaneous, right flank 500,000
11875-093, Gibco), 10% FCS, K
CT26 CRL-2638 (ATCC) 37°C5% CO, Subcutaneous, right flank 500,000

1x penicillin-streptomycin-glutamine

correlated with proliferating tumor cells (measured using Ki-67
staining; Extended Data Fig. 4a) in mice and human TMEs (Fig. 4a,b).
Similarly, both species exhibited positive correlations between
CDS8T cell frequencies and their degree of exhaustion (Fig. 4c and
Extended Data Fig. 4b), and a relationship between cDC1 and cDC2
frequencies versus CD8 and CD4 T cell frequencies, indicative of
co-maturation of these cells in tumors as described previously****
(Extended Data Fig. 4c).

However, several correlations differed between human and
murine TMEs. For example, CD4 conventional T (T,,,) cell and T,
cell frequencies correlated in murine TMEs but not broadly in human
TMEs (Extended DataFig.4d). More importantly, correlations between
T cellsand myeloid cells (Extended Data Fig. 4e) or between CD8 T cells
and macrophages (Fig. 4d) in murine TMEs* were not global features
of human TMEs. Although this could partly originate from differen-
tial myeloid cell identification in human TMEs versus murine TMEs
(human myeloid cells are sorted as HLA-DR" but not mouse myeloid
cells), whenrestricting human samples to mouse-like immune-desert
archetypes, the correlations were restored (insets in Fig. 4b-d and
Extended Data Fig. 4c,e). This may indicate that these cells track one
another but only under specific conditions, that is, in the absence of a
large T cell pool or aglobal bias of the TME toward myeloid cells. Thus,
these observations provide additional strong guardrails for interpret-
ing murine tumor efficacy data for drug treatments that target these
cell populations and their partners.

Consensus nonnegative matrix factorization identifies robust,
cross-species transcriptomic programs

To compare human TMEs versus murine TMEs at a more granular
and unbiased level, we applied a consensus nonnegative matrix fac-
torization (cNMF) analytical pipeline>* %, anchoring on T cells and
non-granulocytic myeloid cells to define their particular sets of GEPs
and benchmark them cross-species (Fig. 5a).

When analyzing human T cells (T ., cells excluded’), we found nine
stable GEPs (Extended Data Fig. 5a and Supplementary Table 2). We
integrated Gene Ontology information with known genes functions
to annotate these GEPs, such as human GEP T_3 was linked to ‘T cell
cytotoxicity’ (PRF1,LAG3, GZMB and NKG7), while T_9is linked to ‘CD4
regulation’ (TSC22D3,JUNB,RGS1,IL7R, CD69) (Extended DataFig. 5c).
The enrichment of some of these human GEPs correlated with TME

composition (Extended Data Fig. 6a). For example, T_3 ‘T cell cytotox-
icity’and T_5‘CD4 T cell-associated’ correlated profoundly with CD8
and CD4 T cell frequencies, respectively. ‘CD4 regulation’ correlated
with stroma and T, enrichment in the tumor, possibly representing
inhibitory circuits in TMEs. Repeating this analysis in murine TMEs
uncovered 25stable T cell GEPs (Extended Data Fig. 5e), similarly associ-
ated with T cell function and TME composition (Extended Data Figs. 5g
and 6d). To quantify cross-species overlap of these GEPs, we used a
Jaccard similarity index and found high degrees of similarity in three
of the nine human T cell GEPs (Fig. 5b, Extended Data Fig. 6g,i and
Supplementary Table 2). This notably included T_3 T cell cytotoxicity’
(Fig.5c)and T_9 ‘CD4 regulation’ (Fig. 5d).

Applying the same approach to the myeloid compartment in
human TMEs identified 14 stable GEPs (Extended Data Fig. 5b). These
included My _1 ‘inflammatory’ (/L1A, IL1B and NLRP3) and My_2 ‘IFN
response’ (IFIT2, IFIT3,ISG15 and CXCL10) (Extended Data Fig. 5d and
Supplementary Table 2). Some were highly correlated with cellular
composition, including association of tumor-associated macrophage
(TAM) densities with My_8 (‘lipid metabolism’) and monocyte densities
with My_6 (‘migration’) and My_9 (‘regulation of defense response’)
(Extended DataFig. 6b). In murine TMEs, we identified 23 distinct and
stable GEPs (Extended Data Fig. 5f), again often driven by genes known
for their association with myeloid functions or whose enrichment cor-
related with TME composition (Extended Data Figs. Sh—jand 6e). Akin
to T cells, aJaccard analysis demonstrated high degrees of similarity for
four pairs of myeloid GEPs (Fig. 5e and Extended Data Fig. 6h), includ-
ingMy_2‘IFNresponse’ (Fig. 5f) and My _1 ‘inflammatory’ (Fig. 5g), and
the TAM-associated My_8 ‘lipid metabolism’ and My _11 ‘LYVE1 TAMs’
(Extended DataFig. 6j,k).

To assess the robustness of the conserved T cells/myeloid GEPs,
we used ajaccard analysis with anindependent dataset describing vari-
ous GEPs (or ‘meta-programs’) across populations, studies and tumor
indications in human®®. All our cross-species conserved human GEPs
(thatis,My_1,My_2,My 8,My 11, T_3,T_4and T_9) found anequivalent
in this dataset (Fig. 5h,i). This was also the case when comparing these
GEPs to another recent study describing T cells and myeloid GEPs in
patients with glioma®’ (Extended DataFig. 7a), although sometimes our
GEPs splitinto two in these other datasets, or conversely.

As the different platforms used to generate human and murine
GEPs (bulk versus scRNA-seq, respectively) could cause the low degree
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Fig. 2| Mapping mouse tumor models to human TME archetypes and
subtypes. a, Embeddings of the 10 feature frequencies in Fig. 1c showing human
samples (circles, individual samples colored according to archetype, n = 224)
and mouse tumors (triangles, initial n = 109 averaged according to tumor line
resulting in n =12 data points on the graph) in the same UMAP space (left) or
inahierarchically clustered heatmap (right). For both graphs, the 10 feature
frequencies were z-scored across the entire dataset (224 human + 109 mouse
samples) before averaging by human archetype/mouse model and UMAP

embedding/plotting. b, Hierarchically clustered matrix of cosine similarities
calculated between each mouse tumor model (orange) and each human
archetype (blue), using the frequencies in Fig. 1c. ¢, Scatter plot presenting the
mapping of 2,543 mouse tumor samples from the NCBI Sequence Read Archive
inthe 6immune subtypes described in ref. 3. The graph shows the percentage
of mouse samples mapping to each subtype (x axis, values also displayed
onthegraph) and the average percentage of leukocytes infiltrated in each
subtype (y axis).

of overlap seeninFig. 5b,e, we used the recent ‘meta-programs’ study*®
to compare scRNA-seq-generated GEPs in mouse versus human
(Extended Data Fig. 7b). This both validated the conservation of GEPs
described above and found additional new similarities, notably in
Tcells, by linking murine T_16, T_19, T_15and T_23, respectively to ‘pro-
liferative’, ‘naive’, IFN-driven’ and ‘glycolytic’/’dysfunctional’ human
T cell GEPs. Inmyeloid cells this also highlighted My_14/My 19 as similar
to myeloid proliferative GEPs*®. To this extent, GEP analysis may prove
asubstantially improved way to categorize cell functions both across
studies and across species.

Leveraging the high resolution of our murine scRNA-seq datasets,
we described the usage of murine GEPs by each murine cell subtype
described in Extended DataFig. 2. This underlined varying patterns of
GEP usage across cell populations (Extended Data Fig. 7¢), including
some GEPs that are extremely specific to agiven subtype (for example,
Mu_T_25iny8T cells) while other GEPs seem to be used by many differ-
ent cell subsets (for example, Mu_T_9 across all CD4 T cells).

We then asked whether the robust, conserved GEPs found
across studies and platforms could also be observed in other bio-
logical processes thanintumors. Thus, we took advantage of arecent
description of GEPs occurring over time and space in mouse myeloid
cells during wound healing®* and again applied the Jaccard analysis
approach (Extended Data Fig. 7d). This showed that three of these—
My_T'inflammatory’, My_2’inflammatory’and My _11‘LYVE1 TAMs'—had
asimilar GEP in the process of wound healing in mice.

This set of analyses overall defines a robust collection of
core-conserved GEPs that recur from mouse to human across stud-
ies and biological processes. We hypothesize that these may serve as
modernmeasures ofimmuneidentity, in some cases providing metrics
for describing overallimmune status and similarity, with cross-species

conservation providing a tractable way to perturb and study the pro-
cessinamodel system.

Intercellular GEP ‘movements’ and their clinical relevance

We next examined coordinated correlations between T cell and myeloid
GEPs*, which we called ‘movements’, as exemplar and because of the
known importance of this axis for antitumor immune responses>**>,
Several such ‘movements’ were present in human TMEs (Fig. 6a and
Extended DataFig. 6¢-f), but only one was clearly conserved in murine
TMESs: the association between T_3 ‘T cell cytotoxicity’ and My_2 ‘IFN
response’. This conserved axis was particularly evident in IR CD8 mac
and IS CD8 human archetypes and in MC38, CT26 and B16-F10 mouse
models (Fig. 6b).

To assess the relevance of this GEP ‘movement’, we categorized
patients as high or low for both T_3 ‘T cell cytotoxicity’ and My_2
‘IFN response’ GEPs (Fig. 6¢) and observed how their combinations
parsed out overall survival. This showed a trend for improved sur-
vival of patients who displayed an overall high enrichment for both
GEPs (T_3"My 2") compared to any other combinations of these GEPs
(Fig. 6d). Analyzing an independent transcriptomic dataset of whole
human TMEs (TCGA™') demonstrated that these gene programs are
also strongly correlated in this larger dataset (Fig. 6¢). In this cohort,
high T_3 ‘T cell cytotoxicity’ was generally associated with better
outcomes compared to lower, but the T_3"My 2" condition is the
most favorable for outcome compared to all the other combinations
(Fig. 6f). As described elsewhere®®®', we found the relationship between
cytotoxic T cells and IFN-stimulated myeloid cells to be beneficial for
survival of patients with cancer.

Other human GEP correlations, such as T_9 ‘CD4 regulation’ with
My_1‘inflammatory’, were not globally conserved in mice (Fig. 6a and
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CCR2and CCR5across T cells, T,,, myeloid, tumor and stromain human (top,
shown as transcripts per million (TPM) from bulk RNA-seq, each dot representing
asingle patient) versus murine (bottom, shown as the expression level from
scRNA-seq averaged per sample, each dot representing a single mouse sample)
tumors, exemplifying the differences foundin a. ¢, Flow cytometry validation
of the protein expression of CCRS5 in human (top) and murine (bottom) tumors
across different cell compartments, plotted as representative histograms (left)
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and box plots of mean fluorescence intensity (MFI) (right). For the mouse box
plot, T cells versus myeloid comparisons yielded P= 0.013 in B16 and P= 0.0033
inMC38; T, versus myeloid comparisons yielded P= 0.012in B16 and P= 0.002
inMC38.d, Heatmap (asin a) comparing the expression of specific chemokine
ligands binding the receptors found conserved in abetween the different cellular
compartments of human versus murine tumors. The full heatmap can be found
in Extended Data Fig. 3. e, Box plots as in b showing the expression levels of
CCL22,CXCL9 and CXCL13 across cellular compartments and species. f, Dot plot
presenting the scaled expression of CCL22, CXCL9 and CXCL13 across the
cellular compartment of three different patients bearing HNSC tumors analyzed
using scRNA-seq. For all box plot, boxes represent the 25th-75th percentile;

the horizontal line represents the median; the whiskers represent 1.5 times
theinterquartile range (Tukey); and points represent individual samples. In

¢, statistical significance was calculated using a t-test with Bonferroni correction,
*P,g; < 0.05,**P,4; < 0.01. All statistical tests were two-sided; P values are reported
asexact values unless otherwise indicated.

Extended DataFig. 7e,f). We again noted that when we censored human
samples to include only those most similar to murine TMEs (ID CD4/
CD8mac), the correlation was less pronounced (Extended Data Fig. 7e).
Interestingly, in the TCGA we found that patients with T_9"/My 1'°
gene expression levels tended to haveimproved survival compared to
other conditions (Extended Data Fig. 7g,h). CD4 T cell activationinthe
absence of concurrent IL-1-related myeloid inflammation could thus
be optimal, whichis consistent with previous reports associating poor
outcome and inflammatory myeloid cells®***. We also noted that the
mouse-like archetypes (generally T_9'°) were among the worst surviv-
ing, hinting that mouse models may be relevant to study these classes
of poor survivorsin patients.

Altogether, these analyses showcase the use of GEPs and their
correlations as ‘movements’ as entry points to studying cellular

crosstalk in murine TMEs that is relevant to human TMEs and linked
with patient outcomes.

Discussion

This study produced a data resource and systemic analyses examin-
ing the degree and possible circumstances to which murine TMEs can
represent human TMEs. We identified specific cellular and molecular
shortcomings of mouse models that were not previously well defined,
while also highlighting conserved immune relationships and gene
programs that align with specific human TMEs and can be studied to
understand principles related to therapeutic strategies. Together, our
resource provides guidance for selecting and refining models based
on the human biology they best replicate. Users may independently
query this data at https://quipi.org/app/quipi_humu.
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Fig. 4| Differential conservation of relative cell densities in the TME. a, Pearson
correlation matrices (human on the left, hierarchically clustered; mouse on the
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side dot plots exemplifying the Pearson correlations showninaofimmune
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standard errors of the fitted lines (s.e. of the fit). Statistical significance was
calculated using a Pearson correlation test with Benjamini-Hochberg correction,
*Pyq < 0.05, P, < 0.01, **P,4; < 0.001, ***P,; < 0.0001. All statistical tests were
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Our data define metrics by which mouse models are well suited
to study theimmune response in macrophage-rich, poorly infiltrated
tumor archetypes (Figs. 1 and 2) that span many tumor indications’.
Several conserved relationships are intuitive, such as the correla-
tion between T cell infiltration and T cell exhaustion in both species,

suggesting that tumors can sustain high T cell densities only when
thoseT cells are proportionally desensitized. Mouse models also rein-
force our previous finding’ that Ki-67 levels (amarker of proliferation,
highest during the G2 phase of the cell cycle and degraded upon mito-
sis®*) within tumor cells is inversely correlated with T cell infiltration
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(Fig.4). We speculate that this may highlight conserved tumor biology
that fails to proteolyze Ki-67 after mitosis and is not allowing for high
immune infiltration.

Furthermore, we find certain chemokine networks, including the
CXCR4and CXCR6 axes, to be strongly conserved from murine to human
TMEs (Fig. 3). Other more complex themes exist across the spectrum
of TMEs, including coordination of large GEP (Fig. 5), notably linking
‘T cell cytotoxicity’ and myeloid ‘IFN response’, that we and others
have reported to be favorable to patient outcomes® . Specifically
in the context of ‘desert’ human TME archetypes, murine models are
especially relevant for studying population-level coordination, includ-
ing correlations between macrophages and CD8 T cells (Fig. 4) and
associated transcriptomic relationships between these cells.

In contrast, most mouse tumors fall short in modeling the
T cell-dominant human TMEs that are common inkidney, lung or skin
cancers’. This divergence extends beyond composition (Fig. 1and also
hinted in ref. 68) to differences in population coordination and tran-
scriptomic regulation. This last point is exemplified by the differential
coordination of T_9‘CD4 regulation’and My_1‘inflammatory’ between
human and murine TMEs (Fig. 6 and Extended Data Fig. 7), which war-
rants further examination as this myeloid GEP is associated with a poor
outcome®>®*, As we study this biology in greater detail, we note that
patients who will benefit from cures derived in mice may be those with
the worst current prognosis (Fig. 6) because they similarly have the
mouse-like combination of low overallimmune abundance (Fig. 1), high

macrophage fractions (Fig. 2), strong correlations between T cell and
myeloid abundances (Fig. 4) and poorly coordinated ‘CD4 regulation’/
myeloid ‘inflammatory’ programs (Fig. 6 and Extended Data Fig. 7).
This may offer opportunity in historically treatment-resistant cancers
enriched for macrophage-dense, low T cell TMEs.

Among the 15 models analyzed, the RENCA model was a nota-
ble exception to our conclusions (as well as one of the ID8 samples,
reflecting biological variation in this model when grown subcutane-
ously; Extended Data Fig. 1b). RENCA tumors are highly infiltrated by
immune cells, among which we find the highest amounts of myeloid
cells, dendritic cellsand CD4 T, cellsamong our murine TMEs cohort
(Extended Data Fig. 1b). Therefore, RENCA seems to associate with
human archetypes defined by a high myeloid content and biased
toward CD4 T cells (IS CD4, MC DC1 and MC DC2’; Fig. 2b). We also
find RENCA to be the lowest mouse models for T_3 ‘T cell cytotoxicity’
and My _2 ‘IFNresponse’ GEP enrichment (Fig. 6b), while being the high-
estenriched for T_9 ‘CD4 regulation’ (Extended Data Fig. 7f). All these
observations place RENCA as amodel of choice to study immune popu-
lations and transcriptomic programs otherwise rarely found in other
mouse tumors. Accordingly, our meta-analysis of 2,543 mouse samples
further suggests that a minority of mouse tumors (-7%) can resemble
highly infiltrated human subtypes (Fig. 2c). Thus, while rare, murine
models capable of approximating immune-rich human TMEs exist.

The mechanistic basis for the relative paucity of T cells in murine
tumors remains unclear. Possible explanations include evolutionary
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differences in immune system prioritization (favoring innate versus
adaptive responses) and reduced environmental immune stimula-
tioninlaboratory mice (by pathogens, commensals, immunizations).
Although increasing microbial exposure to laboratory mice has been
shown to better mimic human T cell responses****’°, we did not find
this type of environmental normalization to affect the T cell content
of murine TMEs (Extended Data Fig. 1g). Also, while there is no evi-
dence showing that human immune-rich tumors grow slower than
immune-desertic tumors, the rapid growth kinetics of murine tumors
may also limitadaptive responsesin murine TMEs. We also note that our
study focused onasingle time point catching transitional stage tumors
(day 14, most tumors measuring ~300-500 mm?®) and therefore did not
appreciate the dynamics of murine TME composition.

At present, our data do not explore the conserved or divergent
mechanisms of response to immunotherapy between human and
murine tumors. Given that responsive mouse models are often poorly
infiltrated by T cells, yet macrophage-rich (for example, MC38, as well
as CT26 and RENCA in some studies), and that human responses may
involve both pre-existing and de novo T cell activity”7?, benchmark-
ing therapy-responsive states across species may reveal even larger
discrepancies. Nonetheless, our framework using coordinated GEP
‘movements’ provides a strategy to evaluate conserved and diver-
gent transcriptional circuits in response to perturbations’™, which is
ongoing work.

Our study is not exhaustive and is enriched for syngeneic, trans-
planted models, with limited representation of orthotopic, spon-
taneous, genetically engineered or xenograft systems. Although
preliminary observations in such models align with our broader con-
clusions (Extended Data Fig. 1f,g), additional analyses may identify
murine tumors that better capture the diversity of human TMEs. This
also applies tothe cross-species comparisons between cell populations
that our study did not assess, notably natural killer (NK) cells, B cells,
neutrophils and innate lymphoid cells.

We also note that our cross-species GEP comparisons are influ-
enced by differing platforms (bulk RNA-seq from cytometry-sorted
populationsin human versus scRNA-seqin mouse), potentially under-
estimating conservation (hinted atin Extended Data Fig. 7b) and limit-
ing datainterpretation. Furthermore, transcriptomic divergence such
as differences in CXCL13 expression or coordination between T_9 and
My_1GEPs may reflect species-specific regulatory architecture rather
than absence of analogous biology™7".

Conclusions

Typical mouse modelsincompletely represent the spectrum of human
TMEs. While several cell-cell relationships (Fig. 4b,c) and core gene
program linkages are conserved (Fig. 6b), important differences exist
inimmune composition (Figs.1and 2), chemokine networks (Fig. 3) and
coordination of regulatory programs (Extended DataFig. 7e,f). These
findings underscore both the utility and the limits of murine models.
Careful matching of mouse models to specific human TME archetypes
(Fig. 4d and Extended Data Figs. 4e and 7e) and analysis of conserved
transcriptional circuits will be essential for improving translational
relevance while recognizing where divergence necessitates caution.

Online content

Any methods, additional references, Nature Portfolio reporting sum-
maries, source data, extended data, supplementary information,
acknowledgements, peer review information; details of author contri-
butions and competinginterests; and statements of dataand code avail-
ability are available at https://doi.org/10.1038/s41590-026-02505-7.
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Methods

Human ImmunoProfiler samples

Human samples were collected with patient consent after surgical
resection under a UCSF institutional-review-board-approved proto-
col (UCSF number 20-31740), under the UCSF ImmunoProfiler pro-
ject’. Briefly, freshly digested tumor samples were analyzed using
flow cytometry or fluorescence-activated cell sorted into conven-
tional T cell, T,,;, non-granulocytic myeloid, tumor and nonimmune
CD44'CD90" stroma compartments to perform bulk RNA-seq onindi-
vidual cell fractions.

Mouse tumor models

Unless specified, mice were housed at the AALAC-accredited animal
facility of UCSF in specific pathogen-free (SPF) conditions. Animal
experiments were approved and performed in accordance with the
Institutional Animal Care and Use Committee protocol AN184232.
For cell-line-based models, 6-8-week-old wild-type BALB/c (4T1,
RENCA, CT26 models) or C57BL/6 (all other models) female mice
were purchased from the Jackson Laboratory. Mice were euthanized
at day 14 after tumor inoculation (typically ~300-500 mm?®) for
tumor collection and analyses. For the high-fat diet experiments,
mice were fed either high-fat (Envigo TD.06414) or control (Envigo
TD.08806) pellets for 2 weeks before starting the tumor experiments
and until tumor collection. For the aging experiments, 90-week-old
C57BL/6 female mice were purchased from the Jackson Laboratory
and housed in our facility until reaching 2 years of age, when we
started the experiments. The genetically engineered mouse model
MMTV-PyMT-mChOVA develop spontaneous tumor lesions from
4-6 months of age, specifically in the mammary gland in females
and in the salivary glands in males”. In these models, mice were
euthanized and tumors collected when they reached -300-500 mm?®.
In the experiments comparing mice housed under SPF or ‘dirty’
conditions*, age-matched 6-week-old C57BL6/) female mice were
purchased from The Jackson Lab and split into two cohorts, one
housed under SPF conditions and the other co-housed with pet-store
mice, therefore considered ‘dirty’. Mice were housed/co-housed for
8-weeks before subcutaneous tumor cell injections of B16, MC38 or
LLC, analysis of tumor growth, and endpoint analyses. Serological
dosage of antibodies specific to various pathogens was used to
confirmthe ‘dirty’ status of the co-housed mice.

Sample preparation

After collection, tumors were placed in a12-well plate and minced
to submillimeter pieces in 2 ml of Roswell Park Memorial Insti-
tute (RPMI) containing Collagenase IV (4 mg ml™) and DNase
1 (0.1 mg ml™). Tissues were then incubated at 37 °C for 30 min,
with a mechanical dissociation step using thorough pipetting
after the first 15 min. Digestion was stopped by adding 2 ml of cold
RPMI +10% FCS + 1x penicillin-streptomycin-glutamine to each
sample before filtering through a100-mm mesh and centrifugation
at500gfor 5 minat4 °C. Cells were then resuspended in RPMI +10%
FCS + 1x penicillin-streptomycin-glutamine for further counting
and analysis.

Mass cytometry

CyTOF was performed as described elsewhere®. Briefly, conjuga-
tions of mass cytometry antibodies with metal isotopes were done
using the Maxpar conjugation kit (Fluidigm) according to the manu-
facturer’s protocols and each antibody was titrated to define its
optimal staining concentration. Each freshly digested sample was
first stained with cisplatin, fixed in 3.2% paraformaldehyde (PFA)
and frozenat-80 °C. Samples were then thawed and barcoded using
mass-tag labeling with distinct combinations of stable Pdisotopesin
PBS 0.02% saponin before pooling and staining. For this, cells were
first resuspended in cell-staining medium (Fluidigm) containing

metal-labeled antibodies against CD16 and CD32 for 5 min at room
temperature to block Fc receptors, followed by the addition of a
cocktail containing surface marker antibodies in a final volume of
500 pl for 30 min at room temperature. Cells were then permea-
bilized with methanol for 10 min at 4 °C, washed and incubated
with a cocktail containing intracellular marker antibodies in a final
volume of 500 pl for 30 min at room temperature (all antibodies
arelisted in Supplementary Table 3). Cells were finally stained with
191/193Ir DNA intercalator (Fluidigm) diluted in PBS with 1.6% PFA
48 h before data acquisition. For acquisition, cells were washed
and resuspended at 1 M ml™in deionized water + 10% EQ Four Ele-
ment Calibration Beads (Fluidigm) and analyzed on a CyTOF mass
cytometer (Fluidigm). We acquired an average of 1-3 x 10° cells per
sample, which is consistent with accepted practices in the field.
After datacollection, we used the Premessa pipeline (https://github.
com/ParkerICl/premessa) to normalize the data and deconvolute
individual samples. We then manually gated the individual FCS files
using FlowJo (Extended Data Fig. 1a).

Immunofluorescence microscopy

For humansamples, a 7-pleximmunofluorescence panel was created
using the Ventana BenchMark Ultra (Roche Diagnostics) automated
staining platform from thin section of formalin-fixed paraffin-
embedded blocks. All reagents were from Discovery (Ventana Medical
Systems) and were used according to the manufacturer’s instruc-
tions. Heat-induced epitope retrieval was performed with the Cell
Conditioning1solution (catalog number 950-124) for 64 minat 97 °C.
The primary antibodies used were CD3 (1:100 dilution, clone D7A6E,
Cell Signaling Technology), CD4 (RTU, clone SP35, Ventana Medi-
cal Systems), CD8 (1:100 dilution, clone D8AS8Y, Cell Signaling Tech-
nology), CD163 (1:250 dilution, clone EPR19518, Abcam), HLA-DR
(1:500 dilution, clone EPR3692, Abcam), XCR1 (1:40 dilution, clone
D2F8T, Cell Signaling Technology) and EpCAM (1:50 dilution, clone
D9S3P, Cell Signaling Technology). The tissue was counterstained
with4’,6-diamidino-2-phenylindole (DAPI) (catalog number FP1490,
Akoya Biosciences) for nucleus localization. Staining was conducted
in two cycles: the first cycle had CD3, CD4, CD8, CD163, HLA-DR and
XCR1; the second cycle had EpCAM. Both cycles used DAPI. The slide
was scanned using a whole slide scanner after each staining cycle.
Finally, the images from both cycles were registered to achieve the
7-pleximage.

For the murine samples, B16-F10, MC38 and RENCA tumors were
excised at day 14 after transplantation, fixed in 4% PFA for 4 days, dehy-
drated gradually in 15% and then in 30% sucrose before embedding
in TissueTek OCT freezing medium (Sakura Finetek) and storage at
-80 °C. Consecutive sections of 10-um thickness were generated using
aLeica CM3050 S cryostat. Sections were permeabilized and washed
in PBS supplemented with 0.1% BSA and 0.1% Tween. Samples were
blocked and stained in a blocking solution consisting of 0.5% TNB
blocking reagent (Akoya Biosciences), 0.1 M Tris-HCI, 0.15 M NacCl,
at pH 7.5. For staining, we used a cocktail containing anti-CD3e Alexa
Fluor 647, anti-CD11b PE and anti-IA/IE Alexa Fluor 488 antibodies.
Nucleus staining was performed using DAPI. Stained sections were
finally mounted in Fluoromount G (Thermo Fischer Scientific) and
analyzed on aninverted Leica Thunder microscope for tiled imaging
using an HC PL FLUOTAR L x20/0.4 numerical aperture objective. All
images were acquired as tiled images, covering whole-tumor sections
in the XY plane, with a single Z plane using the autofocus focal plane
method in the Leica software.

Image analysis

For both human and murine samples, images were processed and
analyzed in QuPath’®. Cells were segmented using StarDist’’ on DAPI.
Classification of human cellsas T (CD3*CD4*~CD8"") or myeloid (CD3
"HLA-DR'XCR1"7"CD163"") cells and classification of murine cells as
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Tcells (CD3"CD11b MHC-II") or myeloid cells (CD3 CD11b* or MHC-II")
was done by training a random forest classifier in QuPath. For the
human samples, we then calculated the T:Myeloid cell ratio for each
patient (one slice stained per patient) and for mouse samples; we then
calculated the T:Myeloid cell ratio for each slice, then averaged these
ratios according to tumor sample (3-4 slices analyzed per tumor)
and plotted the average ratio for each sample in a box plot using
ggplot2inR.

Comparison of human and mouse TME diversity

Mouse CyTOF data and human flow cytometry data (inferred using
linearity of the flow parameters with gene scores as showninref. 7) were
used to generate immune feature matrices based on the ten PanCan
immune features as described previously. After aggregating mouse
samples according to tumor line and human samples according to
immune archetype, the median frequency values for each immune
feature were computed. Cosine similarity was computed by normal-
izing each row vector to unit length and taking the matrix product
of the normalized data with its transpose. Cosine distance was then
derived by subtracting the similarity values from 1.

Immune subtype classification of mouse tumors
AIIRNA-seqsamplesinthis analysis were derived from mouse tumors
and collected from the NCBISequence Read Archive (SRA). To establish
acohort of mouse tumor samples, cancer-related disease ontologies
(DOIDs) were gathered from the disease ontology database® using the
‘ontologylndex’ package with the search terms ‘cancer’, ‘carcinoma’and
‘neoplasm’, resulting in 1,529 unique DOIDs. MetaSRA”#!, which maps
SRA samples totermsinbiomedical ontologies, was queried using the
following parameters: ‘RNA-seq’,‘mouse’, ‘tissue’ and the cancer-related
disease ontology DOIDs. Samples with scRNA-seq ontologies were
excluded. This query to MetaSRA returned 3,900 samples, withincom-
plete metadata and SRA sample IDs. Next, the MetaSRA results were
filtered by manual examination of study metadata and abstracts to
exclude samples not derived from tumors or using patient-derived
xenografts, sorted cells or organoids, which resulted in a final cohort
of2,543 samples from178 studies. RNA-seq gene counts for each study
were accessed through recount3 (ref. 82), ensuring a uniform align-
ment pipeline and annotation records. Gene counts were normalized
by dividing by the 75th percentile gene count for each sample and then
applying a log, transformation. Each mouse gene was converted to
its human ortholog using the Babelgene package. To predict a tumor
immune subtype for each sample, we used ImmuneSubtypeClassifier®
(a machine-learning model comparing quantile and gene-pair fea-
tures of 485 genes to determine immune subtypes®). Eachsample was
assigned its ‘BestCall’ subtype. Amanual exploration of the metadata
of the top contributor studies for this analysis showed that most (if
not all) samples come from RNA-seq extracted from non-dissociated
tumor tissues.

Mouse scRNA-seq data generation

For most mouse experiment, we started by sampling 1 x 10° cells
from the tumor of each animal and generated a single pool for each
group. Therefore, a group of five mice generated a pool of 5 x 10°
cells. This cell pool was then stained with the Zombie NIR viability
dye (1/1,000 in PBS, 10 min at 4 °C) before being incubated with Fc
block (clone 2.4G2, Tonbo Biosciences) and barcoded with HTO
antibodies (TotalSeq-A, BioLegend). We then pooled all barcoded
samples and stained them with fluorescently labeled antibodies
(Supplementary Table 3). Using a BD FACSAria Il Cell Sorter (BD
Biosciences), we then gated live immune cells (Zombie-CD45") and
sorted two pools of cells from these samples: ‘lymphoid cells’ con-
taining equal amounts of T cells (CD90.2"), B cells (B220*"MHC-II")
and NK cells (CD49b*); and ‘myeloid cells’ gated as CD11b* or CD11c*
among non-T, non-B and non-NK cells. These pools were then

individually encapsulated and complementary DNA libraries were
built according to the 10X Genomics specifications for v.3 3’ chem-
istry. After fragment analysis and library quantification (BioAna-
lyzer), libraries were sequenced on an Illumina NovaSeq SP using
10X Genomics recommended sequencing parameters.

Mouse scRNA-seq data processing

BCL files were converted to FASTQ format using cellranger mkfastq
(v.3.0.2). FASTQ files were aligned to the GRCm38 genome, generat-
ing gene-by-cell count matrices with cellranger count. The result-
ing matrices were imported into Seurat (v.4.0.3) for downstream
preprocessing and HTO demultiplexing, with manual inflection
values provided to confidently retain singlet cells (https://github.
com/UCSF-DSCOLAB/aarao_scripts/). After demultiplexing, qual-
ity control scores were calculated for mitochondrial, ribosomal and
cell-cycling-related expression. Low-quality cells were defined as
more than 10% mitochondrial RNA content, more than 60% ribo-
somal RNA content or fewer than 250 genes. Data were normal-
ized (Seurat::NormalizeData), 3,000 variable features selected
(Seurat::FindVariableFeatures) and then scaled (Seurat::ScaleData)
with regression against percentage mitochondrial, percent riboso-
maland cell cycle Sand G2M scores. Principle components 1:30 were
calculated (Seraut::RunPCA). Data were merged across samples and
batch-corrected with (harmony::RunHarmony v.0.1.1), using batch
as the grouping variable and retaining all default parameters for
harmonization. UMAP (Seurat::RunUMAP) was then calculated using
30 principal components with harmony selected as the reduction.
Finally, celltype annotation was performed by identifying cell clusters
(Seurat::FindClusters) and grouping them based on their identify,
inferred using differentially expressed genes (Seurat::FindAlIMarkers
with test.use = ‘poisson’ and latent.vars = ‘“Tumor_Line’) and prior
knowledge of cellular markers (Extended Data Fig. 2). During this pro-
cess, weidentified clusters of nonimmune cells, probably represent-
ing contamination during cell sorting, and containing both tumor and
nonimmune stromal cells. These were present at stable ratios across
all experiments; therefore, we decided to include the subpopulations
representing PanCan-relevant tumor and stroma compartments’ for
the chemokines analyses of Fig. 3. The human-relevant mouse stroma
compartment was identified by measuring the expression of the
20-gene human stroma signature from ref. 7 among all nonimmune
cells and annotating high-scoring subsets as stroma in the mouse
scRNA-seq data (Extended Data Fig. 2f).

Chemokines analyses

To process the human bulk RNA sequencing data, raw counts were
filtered as described previously’. Filtered counts were normalized to
account for differences in sequencing depth via TMM normalization
and converted to counts per million. Next, values were log-transformed
and then z-scored across all compartments, enabling comparative
analysis of chemokine expression across different compartments and
patient archetypes. To better compare our scRNA-seq mouse data to
the previously published bulk RNA sequencing data, the single-cell data
were pseudobulked by calculating the average gene expressionacross
each gene and condition; we then scaled the averaged expressions
across allcompartments. Finally, to identify homologous chemokines
between mouse and human, the BioMart archive (April 2018) was used
to convert mouse and human genes.

Human scRNA-seq

The cohort of samples used in Fig. 3 to analyze population-specific
expression of human chemokines ligands in human HNSC tumors has
already been described elsewhere®. Briefly, ImmunoProfiler tumor
samples were digested to single cells and then submitted to single-cell
gene expression analyses through the cellular indexing of transcrip-
tomes and epitopes by sequencing pipeline (Illumina) before analysis,
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coarse annotation of TME compartments and visualization of gene
expression across patients and TME compartments.

cNMF

These analyses used a subset of the UCSF ImmunoProfiler Initiative
dataset’. Bulk RNA-seq gene TPMs from sorted conventional T cells
and non-granulocytic myeloid cells were filtered to include only
samples from primary or metastatic tissue with a quality metric EHK
score of 8 or greater (355 T cell samples and 322 myeloid samples).
We applied log, normalization to handle outliers and then filtered to
the 5,000 most variable genes based on median absolute deviation.
To obtain a quantitative measure of NMF rank stability, we used the
cophenetic correlation coefficient as described in refs. 85,86. We ran
the NMF algorithm 50 times for each rankin the range of 3-30 factors.
For eachrun, we generated a connectivity matrix, where the entries
were 1if the sample belonged to the same factor across runs and O
ifit did not. We then computed a consensus matrix by averaging all
the connectivity matrices from the repeated runs. The cophenetic
correlation coefficient (CCC), defined as the Pearson correlation
between the consensus matrix and a sample distance matrix calcu-
lated using the Euclidean linkage method, was calculated for each
rank. Werepeated this process five times and plotted the median CCC
against the rank. Ranks corresponding to local maximain the median
CCCplotwereidentified as stable candidate ranks for further analy-
sis. To obtain the W and H matrices for the candidate ranks, we used
amethod similar to the single-cell workflow called DECIPHER-seq™.
We ran the NMF algorithm ten times for each of the selected ranks
using the Python module sklearn*’. We then concatenated the W
and H matrices from all ten runs to create larger matrices, W, and
H,o. We then applied k-mean clustering with k = candidate rank H,,
matrix and used the resulting cluster labels on the W,, matrix. Next,
we removed outliers in the clusters using the local outlier factor
algorithm for anomaly detection, which computes the local density
deviation of data points relative to their neighbors, applying a 40%
cutoff. Removing outliers results in homogeneous clusters and helps
with theinterpretation of results downstream. After outlier removal,
we calculated the median W,,and H,, to form the consensus matrices,
WCon and HCon'

For the murine dataset, cNMF was ran using DECIPHER-seq*” on
our mouse scCRNA-seq data. Briefly, we isolated all conventional T and
non-granulocytic myeloid cells and ran the DECIPHER-seq function
‘INMF_ksweep()’ with the parameter batch = FALSE to run NMF on each
population for20replicates of each kfrom2t040.Individual biological
samples were used as the sample grouping variable.

TCGA cohort and survival analyses

Analyses using the TCGA dataset were performed using the TCGA
subcohortdescribedinref. 7. Briefly, tumor RNA-seq counts and TPMs
along with curated clinical data for 13 cancer types (BLAD, CRC, GBM,
gynecological (grouping ovarian, uterine corpus endometrial car-
cinoma and uterine carcinosarcoma), HNSC, KID, HEP, LUAD, PDAC,
SARC and MEL) was filtered down to include primary solid tumors
and metastatic samples only. This reduced the TCGA sample set to
4,341tumor samples. GEP scores were generated by first normalizing
(using percentiles) the expression values of the top 20 contributor
genes for each GEP across all patients, followed by averaging these 20
normalized values for each patient. For survival analysis, patients were
categorized as either high (top 30%) or low (bottom 30%) for each GEP
score and analyzed using alog-rank test. The PanCan myeloid feature
scores (relative to monocytes, macrophages, cDC1 and cDC2) were
calculatedin the same way, using the feature gene signatures fromref. 7.

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

Data availability

Both human (https://quipi.org/app/quipi) and murine (https://quipi.
org/app/quipi_humu) datasets can be readily queried and visualized
using our user online interface. The human raw data can be accessed
as described in ref. 7. The murine scRNA-seq data have been publicly
deposited in the Gene Expression Omnibus under accession no.
GSE310560. Source data are provided with this paper.
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Extended Data Fig. 1| See next page for caption.
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Extended Data Fig.1| CyTOF gating strategy and diversity ofimmune profiles
inmuTMEs. a. Gating strategy of immune populations using CyTOF analyses

of mouse tumors. b. Waterfall boxplots describing the specific frequencies of
the PanCan 10 features across mouse models. Data points represent individual
mouse tumor samples. c. UMAP dimensionality reduction of individual mouse
tumor samples, colored by model, using the 10 PanCan features. d. Heatmap
presenting the hierarchical clustering of mouse tumors using the scaled PanCan
10 features. Scaling consisted in calculating the z-scores of each feature across
mouse samples before averaging per model and then plotting values. e. Bar
graphs presenting the frequencies of human samples whose TME composition
can be mimicked by mouse models (in orange, i.e belonging to ID CD4/CD8
Macarchetypes) or not (inblue), either across the whole cohort (left) or split

by tumor indication (right). fand g. Boxplots presenting the ratio of T cells over
myeloid cells frequencies in Live across human and murine tumors (f.), between
orthotopically (Panc.) vs subcutaneously (Subcut.) injected KPC pancreatic
tumor models (left of g.) or in B16, LLC and MC38 tumors grown in mice kept
under specific pathogen-free (SPF) vs dirty housing conditions (center-left of

g.), or growninyoung (8-weeks) vs aged (2-years) mice (center-right of g.), orin
mice fed with a control (Ctrl) vs High-fat diet (right of g.). h. Heatmap presenting
scores of gene signatures derived from Thorsson et al. across human TCGA
samples and the 2,543 murine NBClsamples used in Fig. 2c. For this, we first
z-scored the expression of each gene for each signature across all TCGA patient.
Then, for each signature we performed principal component analysis (PCA) and
extracted the top genes contributing to PC1. PC1 weights were then applied to
the z-score normalized mouse dataset and summed on a per-sample basis to
calculate gene signature scores with the most human-relevant genes for each
signature. Finally, we ranked the median scores from1to 6 in each species and
plotted these ranks in a heatmap, order by immune subtypes calling as shown in
Fig.2c. The top contributing genes to each signature are labelled on the heatmap.
i. Barplot showing the fractions of tumor types contributing to eachimmune
subtype across the 2,543 murine NBCl samples. j. Similar boxplot than in Fig. 1f
presenting the ratio of T cells over myeloid cells in human (n = 85) vs murine
(n=10) tumors, colored respectively by archetypes and tumor line.
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Extended DataFig. 2| See next page for caption.

Nature Immunology



Resource

https://doi.org/10.1038/s41590-026-02505-7

Extended Data Fig. 2| Murine scRNAseq dataset. a. UMAP visualization of
59551 cells merged from the entire mouse tumor scRNAseq data set (left),
colored by their cellular compartment identity (i.e T cells, Treg, myeloid, tumor
or stroma), as well as dotplot (middle) presenting the scaled expression of the
top 10 differentially expressed genes (DEGs) between the 5 compartments and
barplot (right) showing the fractions of each compartment per mouse model
inthe dataset. Note that the fractions in this barplot are influenced by our FACS
sorting strategy prior to scRNAseq processing (as described in the methods)
and therefore do not represent the real fraction of each compartmentin the
TME of eachmodel. b. to e. Asin a., UMAP plots (left), dotplots of top DEGs
(middle) and barplots (right) describing the specific clusters of murine T cells
(b.), DCs (c.), monocytes/macrophages (that isMonoMac, d.) and non-immune

cells (e.).f. Description of the strategy followed to identify the human-like
Stroma compartment in our mouse scRNAseq dataset using a UMAP (far left)
presenting all non-immune cells identified in our murine dataset, a dotplot
(middle left) showing the expression of the 20 genes composing the Stroma
signature from’ across our non-immune subsets, and a violin plot (middle

right) and UMAP overlay (far right) showing the enrichment of a Stroma score
(calculated using the 20 genes shown in the dotplot) in the non-immune cells.
The specific cell subsets boxed in red in the dotplot and violin plot (Fibroblasts 1,
2 and Myofibroblasts 1) scored highly for the human Stroma genes and associated
signature and were therefore considered as the human-relevant murine Stroma
compartment for further analyses.
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Extended DataFig. 3 | Additional chemokine pathways analyses. a. and c.

Heatmaps comparing the scaled expression of chemokines receptors (a.) and heatmap. b.and d. Dotplots presenting the scaled expression of the chemokine
ligands (c.) between human and murine T cells, Treg, myeloid, tumor and stroma. receptors (b.) and ligands (d.) shownina. and c. across the murine cell clusters
For each species, the expression of each receptor/ligand was first scaled across from scRNAseq shown in Extended Data Fig.2b toe.

compartments. We then extracted the scaled values for all human and murine

compartments and plotted them side-by-side in a hierarchically clustered
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Extended DataFig. 4 | Additional examples ofimmune frequencies tumor samples. c. to e. Dot plots exemplifying some correlations shown in Fig. 4a.
coordination. a. and b. Gating strategy (left) and boxplot (right) presenting between human (left, colored by archetypes) vs murine (right, colored by tumor
the frequencies of tumor proliferation (defined asKi67* in CD45°CD90" cells, line) tumors. Statistical significance in c. to e. was calculated using a Pearson

a.) and CD8 exhaustion (defined as PD-1'CTLA-4"in CD8 T cells, b.) in mouse correlation test with Benjamini-Hochberg correction.
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Extended DataFig. 5| See next page for caption.
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Extended DataFig. 5| Identification of T cells/myeloid gene expression
programs (GEPs) using cNMF. a. and b. Scatter plots showing the cophenetic
correlation coefficients (CCC) used to establish the stability of each cNMF
resolutionin humanT cells (a.) and myeloid cells (b.). We picked the number

of stable GEPs (inred) as the value associated to a peak in CCC followed by a
flattening of the curve. c. and d. Heatmaps showing the scaled weights (scaling
firstall genes in each GEP and then each scaled gene across all GEPs) of the top
genes composing T cells (c.) or myeloid (d.) GEPs. e. and f. Scatter plots showing
the weighted N subtrees (WNS) values used to establish the stability of each cNMF
resolutioninmouse T cells (e.) and myeloid (f.). We picked the number of stable
GEPs (inred) as the value associated to the highest WNS value that was followed

by aflattening of the curve. g.and h. Heatmaps asin c.and d. showing the scaled
weights of the top genes composing mouse T cells (h.) and myeloid (h.) GEPs. i.
andj. Scatter plots showing the relative enrichments of GEPs My_17 vs My 22 (i.)
and My_12 vs My_23 (j.) across mouse samples, colored by tumor model. Note that
among the 23 murine myeloid GEPs we noticed 2 apparent factors duplication,
namely My_22/My_17 and My_23/My_12. While My_22 and My_17 seem to share
gene composition (related to activated DCs), they are enriched in different sets
ofsamples (i.). However, My_23 and My_12 appear as a duplication that could
arise from over clustering of the NMF algorithm, because their gene composition
shows alow degree of contamination/doublet with melanocytes and they are
both uniquely found in B16-F10 samples (j.).
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Extended DataFig. 6 | See next page for caption.
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Extended Data Fig. 6 | Conservation of human vs murine GEPs, correlations
with tumorimmune composition and coordinated T vs myeloid GEPs
‘movements’. a. and b. Heatmaps presenting the Pearson correlations of either T
cells (a.) or myeloid (b.) GEPs’ enrichment vs the immune composition of human
tumor samples. ¢. Heatmaps presenting the Pearson correlations of T cells vs
myeloid GEPs’ enrichment across human tumor samples. d., e. and f. Heatmaps
displaying the same Pearson correlations asina., b.and c., respectively, across
mouse tumor samples. g.and h. Heatmaps (non-truncated) showing the Jaccard
indexes used to quantify the similarity between human vs mouse GEPsinT cells
(g., using top 20 genes per GEP) and myeloid cells (h., using top 50 genes per
GEP). Note that although GEPs T_2, T_6 and My _10 appeared similar between
mouse and human, we removed them from further analyses as they likely
represent alow degree of myeloid contamination/doublets presentin T cells

for T_2 (Supplementary Table 2), or conversely for My_10 (Supplementary Table
2), or show poor overlap of top driver genes for T_6 (Extended Data Fig. 6i and
Supplementary Table 2). i.andj. Scatter plots showing the genes contribution

(i.e genes weight) to human vs murine conserved T cells (i.) or myeloid (j.) GEPs.
Genes annotated show the highest overlapping contributions across species,

and the dashed lines separate the 40 highest contributor genes from the others
ineither factor. k. Scatter plots showing the Pearson correlations of the genes
weights between human My _11vs either murine My_11 (left) or murine My_5
(right). Linear regression, Rand p values are displayed. Note that both murine
My_5 and My _11 show similarity with human My _11 (h.). As these 2 factors seem to
be driven by different genes (Extended Data Fig. 5h), we evaluated the correlation
of their specific genes’ weights with the ones of Hu_My 11 (k.) to show that Mu_
My_11seem to more closely mimic both the composition (among which LYVE1,
FOLR2, CD163, MRC1and SELENOP) and relative gene weights of Hu_My _11.
Statistical significance ina. to c.and b. was calculated using a Pearson correlation
test with Benjamini-Hochberg correction, * p.adj < 0.05, ** p.adj < 0.01, ** p.adj <
0.001, ***p.adj < 0.0001. Statistical significance in g. and h. was calculated using
aFisher’s exacttest.*p<0.05,*p<0.01,**p<0.001.
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Extended DataFig. 7 | See next page for caption.
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Extended Data Fig. 7| Robustness of our T cells and myeloid GEPs and learning
from the discordance of their ‘movements’ between huTMEs vs muTMEs.
a.and d. Heatmaps showingJaccard indexes used to quantify the similarity
between (a.) our human T cells (left, using top 20 genes per GEP) and myeloid
(right, using top 50 genes per GEP) GEPs to the ones published in* or between
(d.) our murine myeloid GEPs and the ones published in* (using top 50 genes

per GEP). The top 20 genes for each GEP were used to calculate similarity.

b. Heatmaps showing the Jaccard indexes used to quantify the similarity between
our scRNAseq-based mouse GEPs and the scRNAseq-based GEPs published in®
for T cells (left) and myeloid cells (right). Similarities of interest are highlighted
inbold, colored fonts. c. Heatmaps presenting the enrichment of mouse GEPs in
each cell subtype shown in Extended Data Fig. 2 (T cells on the left and myeloid
cells on the right). GEPs enrichment values (H values) were scaled across all
individual cells and then averaged by cell subtype before plotting. e.and f.
Scatter plots showing the correlation between the enrichments of GEPs T_9

and My_1 found across human (e., colored by archetypes) and mouse tumors

(f., colored by tumors lines). Each dot represents asample, and the diagonal
grey lines represent linear regressions. g. Scatter plot showing the relative
enrichments of gene signatures calculated using the top 20 genes of GEPs T_9 and
My _1in TCGA patients. Patients were binned as High or Low for each GEP if they
were present respectively in the top or bottom 50% for each calculated GEP gene
score. Each dot represents asample, and the diagonal grey line represents linear
regression. The yellow and orange ellipses highlight the behavior of patients
belonging to the Immune Desert CD4/CD8 Macrophages archetypes. h. Kaplan-
Meier graph showing the overall survival of TCGA patients stratified according
to their respective enrichment of T_9 and My _1 following the binning shown in

e. Statistical significance ina. to d. was calculated using a Fisher’s exact test.
Statistical significance in e. to g. was calculated using a Pearson correlation test
with Benjamini-Hochberg correction. Statistical significance in h. was calculated
using alog-rank test.
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Antibodies 5
Antibodies used Mouse CyTOF antibodies: %

Specificity Supplier Reference Clone
B220 Biolegend 103202 RA3-6B2
CCR7 Biolegend 120101 4B12
CD103 Biolegend 121402 2E7
CD11b Biolegend 101202 M1/70
CD11c Biolegend 117302 N418
CD16/32 BD 553142 2.4G2

CD206 Biolegend 141702 CO68C2
CD24 Biolegend 101802 M1/69
CD3e Biolegend 100202 17A2
CD301b Biolegend 146802 URA-1
CD38 Biolegend 102702 90

CD4 Biolegend 100506 RM4-5

CD44 Biolegend 103002 IM7

CD45 Biolegend 103102 30-F11
CD49b Biolegend 103513 HMa2
CD62L R&D MAB5761 MAB5761
CD64 Biolegend 139302 X54-5/7.1
CD69 R&D AF2386 Polyclonal

CD8 Biolegend 100702 53-6.7

CD86 Biolegend 105002 GL-1

CD90 Biolegend 105202 G7

cKit Biolegend 105802 2B8

CTLA-4 Biolegend 106302 UC10-4B9
F4/80 Biolegend 123102 BM8
FcER1a Biolegend 134302 MAR-1
FIt3 eBiosciences 14-1351-85 A2F10
Foxp3 eBiosciences 14-4771-80 NRRF-30
GATA3 Biolegend 653802 16E10A23
ICOS Biolegend 313502 C398.4A
Ki67 eBiosciences 14-5698-82 SolA15
Ly6C Biolegend 128002 HK1.4

Ly6G Biolegend 127602 1A8

MHC Il Biolegend 107602 M5/114.15.2
PD-1 Biolegend 135202 29F.1A12
PD-L1 Biolegend 124302 10F.9G2
PDCA-1 Biolegend 127002 927
RORgt eBiosciences 14-6981-82 B2D
Siglec-F BD 552125 E50-2440
Siglec-H Biolegend 129602 551
SIRPa Biolegend 144002 P84

T-bet Biolegend 644802 4B10
TCRgd Biolegend 118101 GL3
Ter119 Biolegend 116202 Ter119
Tim-3 Biolegend 134002 B8.2C12

Mouse scRNAseq sorting panel:

Specificity Fluorochrome Supplier Clone Reference

B220 Alexa Fluor 488 Biolegend RA3-6B2 103225

CD49b PE Biolegend HMa2 103506

I-A/I-E Brilliant Violet 421 Biolegend M5/114.15.2 107632
CD11b Brilliant Violet 510 Biolegend M1/70 101245
CD11c Brilliant Violet 650 Biolegend N418 117339
CD90.2 Brilliant Violet 785 Biolegend 30-H12 105331
CD45.2 Brilliant Ultra Violet 395 BD 104 564616

Validation All antibodies conjugated to fluorophores are commercially available and validated both by the manufacturer and through citations




Validation in the scientific literature. Validation materials for each antibody are accessible on the respective manufacturer's homepage.

For mass cytometry, antibodies were purchased unlabeled and conjugated to heavy metals in-house. Antibody conjugation to heavy
metal tags was done using the MaxPar Antibody Conjugation Kit (Fluidigm) according to the manufacturer's protocol. After labeling,
antibodies were diluted to 0.2mg-0.5mg/mL in antibody stabilization solution (Candor Bioscience) and stored at 4°C until use. Before
using experimentally, conjugated antibodies were titrated on mouse tissue to determine optimal staining concentration.

Eukaryotic cell lines

Policy information about cell lines and Sex and Gender in Research

Cell line source(s) Cell line Origin Culture media Incubation Injection site # injected
B16-F10 ATCC CRL-6475 DMEM (Gibco 11995-065), 10% FCS (Benchmark), 1X Penicillin-Streptomycin-Glutamine
(ThermoFisher) 372C 5% CO2 Subcutaneous, right flank 250K
LLC ATCC CRL-1642 37°C 5% CO2 Subcutaneous, right flank 500K
MC38 Sigma-Aldrich SCC172 37°C 5% CO2 Subcutaneous, right flank S00K
4T1 ATCC CRL-2539 372C 5% CO2 Mammary fat pad 250K
YUMM1.G1 ATCC CRL-3363 379C 5% CO2 Subcutaneous, right flank 2M
YUMM3.3 ATCC CRL-3365 372C 5% CO2 Subcutaneous, right flank 2M
YUMMS5.2 ATCC CRL-3367 372C 5% CO2 Subcutaneous, right flank 2M
KPC-F (FC1245) Eric Collisson
(UCSF) 379C 5% CO2 Pancreas (orthotopic injections described in Jiang et al., Gastroenterology 2022) 1K
KPCY-C2 (6694c2) 379C 5% CO2 500K
KPCY-C5 (7160c5) 379C 5% CO2 500K
ID8 Fisher
Scientific SCC145 DMEM, 4% FCS, 1X Penicillin-Streptomycin-Glutamine, 1X Insulin-Transferrin-Selenium (ThermoFisher) 372C
5% CO2 Subcutaneous, right flank 2M
RENCA ATCC CRL-2947 RPMI (Gibco 11875-093), 10% FCS, 1X Penicillin-Streptomycin-Glutamine 372C 5% CO2 Subcutaneous,
right flank 500K
CT26 ATCC CRL-2638 37°C 5% CO2 Subcutaneous, right flank SOOK
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Authentication No authentication was done in this study.
Mycoplasma contamination All cell lines tested negative for mycoplasma.

Commonly misidentified lines  This study did not use misidentified lines.
(See ICLAC register)

Animals and other research organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in
Research

Laboratory animals Besides MMT-PyMT mice, this study used 7-9 week old female C57BL6 from JAX, stock No. 000664.
Wild animals No wild animals were used in this study.
Reporting on sex Except when indicated, experiments were performed using female mice. No different outcomes were observed based on sex

differences.
Field-collected samples  This study did not involve field-sample collections.

Ethics oversight All procedures were approved by the Institutional Animal Care and User Committee (IACUC).

Note that full information on the approval of the study protocol must also be provided in the manuscript.

Plants

Seed stocks N/A

Novel plant genotypes ~ N/A

Authentication N/A




Flow Cytometry

Plots
Confirm that:

The axis labels state the marker and fluorochrome used (e.g. CD4-FITC).

The axis scales are clearly visible. Include numbers along axes only for bottom left plot of group (a 'group' is an analysis of identical markers).

All plots are contour plots with outliers or pseudocolor plots.

A numerical value for number of cells or percentage (with statistics) is provided.

Methodology

Sample preparation

Instrument
Software
Cell population abundance

Gating strategy

CyTOF samples preparation:

After harvest, tumors were placed in a 12-well plate and minced to sub-millimeter pieces in 2mL of RPMI containing
Collagenase IV (4 mg/mL) and DNase | (0.1mg/mL). Tissues were then incubated at 37C for 30 min, with a mechanical
dissociation step using thorough pipetting after the first 15 minutes. Digestion was stopped by adding 2mL of cold RPMI +
10% FCS + 1X PS-Glu to each sample before filtering through a 100 mm mesh and centrifugation at 500 g for 5 min at 4C.
Cells were then resuspended in RPMI + 10% FCS + 1X PS-Glu for further counting and analysis.

Mass cytometry (CyTOF) was performed as described elsewhere76. Briefly, conjugations of mass cytometry antibodies with
metal isotopes were done using the Maxpar® conjugation kit (Fluidigm) according to manufacturer’s protocols and each
antibody was titrated to define its optimal staining concentration. Each freshly digested sample was first stained with
cisplatinium, fixed in 3.2% PFA and frozen at -80C. For CyTOF staining, the samples were then thawed and barcoded by mass-
tag labelling with distinct combinations of stable Pd isotopes in 0.02% saponin in PBS before further pooling and staining. For
this, cells were first resuspended in cell-staining media (Fluidigm) containing metal-labeled antibodies against CD16/32 for 5
min at room temperature to block Fc receptors, followed by the addition of a cocktail containing surface markers antibodies
in a final volume of 500uL for 30 min at room temperature. Cells were then permeabilized with methanol for 10 min at 4 °C,
washed and incubated with a cocktail containing intracellular markers antibodies in a final volume of 500uL for 30 min at
room temperature (all antibodies listed in Table S2). Cells were finally stained with 191/193Ir DNA intercalator (Fluidigm)
diluted in PBS with 1.6% PFA 48h prior to data acquisition. For acquisition, cells were washed and resuspended at 1M/mL in
deionized water + 10% EQ four element calibration beads (Fluidigm) and analyzed on a CyTOF mass cytometer (Fluidigm).

scRNAseq samples preparation:

For most mouse experiment, we started by sampling 1e6 cells from the tumor of each animal and generated a single pool for
each group. A group of 5 mice therefore generated a pool of 5e6 cells. This cell pool was then stained with the Zombie NIR
viability dye (1/1000 in PBS, 10min at 4C), before being incubated with Fc block (clone 2.4G2, Tonbo Biosciences) and
barcoded with HTO antibodies (TotalSeqg-A from BioLegend). We then pooled all barcoded samples together and stained
them with mix of fluorescent-labelled antibodies (Table S2). Using a BD FACSAria Il cell sorter (BD Biosciences), we then gated
live immune cells (Zombie-CD45+) and sorted 2 pools of cells from these samples: a pool of lymphoid cells containing equal
amounts of T cells (CD90.2+), B cells (B220+MHCII+) and NK cells (CD49b+), and another pool of myeloid cells gated as CD11b
+and/or CD11c+ among the non-T-B-NK cells. These two pools were then washed, counted and then individually
encapsulated following 10X Genomics specifications for v.3 3' chemistry.

BD LSR Fortessa X20 (BD Biosciences), LSRFortessa (BD Biosciences), CyTOF 2 mass cytometer (Fluidigm)
BD FACSDiva, FlowJo
Abundances of relevant cell populations are described across the manuscript.

Gating strategy is provided in supplementary figures.

Tick this box to confirm that a figure exemplifying the gating strategy is provided in the Supplementary Information.
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