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SUMMARY
Despite the unprecedented success of immune checkpoint inhibitors (ICIs) as anti-cancer therapy, it remains
a prevailing clinical need to identify additional mechanisms underlying ICI therapeutic efficacy and potential
drug resistance. Here, using lineage tracking in cancer patients and tumor-bearing mice, we demonstrate
that erythroid progenitor cells lose their developmental potential and switch to the myeloid lineage. Sin-
gle-cell transcriptome analyses reveal that, notwithstanding quantitative differences in erythroid gene
expression, erythroid differentiated myeloid cells (EDMCs) are transcriptionally indistinguishable from their
myeloid-originated counterparts. EDMCs possess multifaceted machinery to curtail T cell-mediated anti-tu-
mor responses. Consequently, EDMCcontent within tumor tissues is negatively associatedwith T cell inflam-
mation for the majority of solid cancers; moreover, EDMC enrichment, in accordance with anemia manifes-
tation, is predictive of poor prognosis in various cohorts of patients undergoing ICI therapy. Together, our
findings reveal a feedforward mechanism by which tumors exploit anemia-triggered erythropoiesis for
myeloid transdifferentiation and immunosuppression.
INTRODUCTION mismatch repair deficiency (Le et al., 2017), and tumor muta-
Immune checkpoint inhibitors (ICIs) targeting co-inhibitory mole-

cules, such as programmed cell death protein-1 (PD-1), PD-1

ligand-1 (PD-L1), and cytotoxic T lymphocyte-associated anti-

gen 4 (CTLA-4), have transformed the therapeutic landscape

for a variety of cancers (Brahmer et al., 2012; Hodi et al., 2010;

Topalian et al., 2012). However, only a fraction of patients expe-

rience durable clinical responses, even when using multiple bio-

markers including PD-L1 expression (Doroshow et al., 2021),
674 Cancer Cell 40, 674–693, June 13, 2022 ª 2022 Elsevier Inc.
tional burden (Yarchoan et al., 2017) to screen for therapeutic

suitability. Thus, the identification of improved ‘‘mechanistic bio-

markers’’ (Havel et al., 2019) to facilitate clinical decision making

would be welcome, as such efforts may reveal targets to help

overcome ICI resistance.

Myeloid cells constitute a prominent fraction of tumor micro-

environment (TME) stromal cells (Gentles et al., 2015): in estab-

lished solid tumors, these cells can account for up to 50% of the

total tumor mass (Solinas et al., 2009). Mounting evidence has
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documented that tumor cells recruit and ‘‘educate’’ myeloid

cells, including myeloid-derived suppressor cells (MDSCs), neu-

trophils, and macrophages, to facilitate many aspects of tumor

progression (Hanahan and Coussens, 2012; Pathria et al.,

2019;Wu et al., 2018) and induce immunosuppression to escape

surveillance (Gabrilovich et al., 2012). So, given both their abun-

dance and strong T cell suppression potency, it is now clear that

tumor-associated myeloid cells can exert profound impacts on

the anti-tumor efficacy of ICI treatment (Hou et al., 2020).

Accordingly, characterizing the mechanisms underlying the

recruitment and/or immunosuppression of tumor-associated

myeloid cells could reveal vulnerable targets for new anti-cancer

therapies.

During hematopoiesis occurring under physiological and path-

ological conditions, the conventional understanding is that

myeloid cells originate from granulocyte-macrophage progeni-

tors (GMPs) via myelopoiesis. Myelopoiesis is initiated when he-

matopoietic stem and progenitor cells (HSPCs) differentiate into

either common myeloid progenitors (CMPs) or common

lymphoid progenitors. CMPs lose their differentiation potential

after commitment to either GMPs or megakaryocyte-erythroid

progenitors (MEPs). It has been widely thought that GMPs even-

tually differentiate into neutrophils and macrophages, while

MEPs produce megakaryocytes and erythrocytes (Akashi

et al., 2000; Pronk et al., 2007). However, this hierarchical order

of myelopoiesis has been revised based on a series of discov-

eries from studies employing single-cell technologies, including

lineage tracing, single-cell RNA sequencing (scRNA-seq), and

ATAC-seq. Such studies have convincingly demonstrated that

lineage fate may be determined very early (before even the

CMP stage), such that CMPs represent a heterogeneous popu-

lation of cells, many of which are pre-programmed with a strong

bias toward a specific developmental lineage (e.g., myeloid or

erythroid) (Mercier and Scadden, 2015; Paul et al., 2015; Perie

et al., 2015). Notably, this updated understanding of myelopoie-

sis was based on conclusions from studies examining bone

marrow cells from healthy mice and humans, so myeloid differ-

entiation events specific to cancer remain undescribed.

Here, we observed that cancer patients and mice bearing es-

tablished tumors contain many myeloid cells expressing surface

markers and gene signatures apparently specifying an erythroid

lineage. Moreover, both cell transfer-based in vivo lineage

tracking and ex vivo scRNA-seq analyses revealed that tumor-

induced erythroid progenitor cells eventually differentiate into

myeloid cells, which exert robust immunosuppressive functions.

Furthermore, these results guided our development of an infor-

mative transcriptomic profile specifying this erythroid-converted

population, the presence of which can predict both immunosup-

pression and poor responsivity to ICI therapies.

RESULTS

Identification of erythroid differentiated myeloid cells
To assess the overall impact of tumorigenesis on erythroid

development, we collected bone marrow (BM) cells from bone

metastasis-free cancer patients (Table S1), and purified

CD235a+ erythrocytes for scRNA-seq. Using Uniform Manifold

Approximation and Projection (UMAP), dimension reduction

categorized BM erythrocytes into multiple clusters (Figure 1A),
and singled out cluster 5, which surprisingly displays transcrip-

tomic characteristic of myeloid cells (Abbas et al., 2005) (Fig-

ure 1B). Differential expression matrix confirmed that signature

genes in this cluster are myeloid-featured genes (Figure 1C).

These observations led us to speculate the possibility of a previ-

ously unappreciated population underlying myeloid lineage

differentiation.

To corroborate the existence of this apparent erythroid-

myeloid hybrid cell population, we also surveyed BM, peripheral

blood (PB), and malignant pleural effusions (MPE) from patients

with a variety of advanced cancers (Table S1). We detected

myeloid surface markers (e.g., CD33 and CD11b) on CD235a+

erythroid cells in all three compartments. Although relative pop-

ulation sizes varied, there was clear enrichment for these cells in

the MPE, which represent an informative surrogate for the

TME (Kassis et al., 2005; Lin et al., 2014; Long et al., 2016)

(Figure 1D). We also observed that a significant portion of

the CD33+CD11b+HLA-DR� myeloid cells are CD235a+ and

CD71+, indicative of an erythroid origin (Figure 1E). Immunofluo-

rescence staining of solid tumor tissues routinely detected cells

with dual lineage (CD33 and CD235a) markers (Figure 1F).

Together, these data suggest that a previously unappreciated

cell population shares markers of both erythroid and myeloid

cells in advanced tumor patients.

This ‘‘erythroid-myeloid hybrid’’ cell population is not unique to

humans: sampling of BM, PB, spleen, and tumor tissues from

LLC-bearing mice revealed a sizable fraction of myeloid cells

(e.g., CD11b+Gr1+ MDSCs) expressing Ter119 and CD71, two

surface markers of the erythroid lineage in mice (Figure 1G).

We also observed that the relative size of this cell subpopulation

increases steadily along with tumor progression (Figure 1G). Ex-

tending beyond the LLC context, we further observed that hybrid

cells are consistently present in multiple tissues of mice bearing

transplanted melanoma (B16-F10) and spontaneous breast tu-

mors (MMTV-PyMT) (Figure 1H).

Although CD71 expression has been previously identified in

myeloid cells, such as early activated allergic alveolar macro-

phages (Viksman et al., 2002), injury-induced peripheral mono-

cytes (Walsh et al., 2005), and tumor-induced M-MDSCs (Mova-

hedi et al., 2008; Youn et al., 2008), mouse Ter119 and human

CD235a are considered exclusive to the erythroid lineage.

Hence, we named this erythroid-myeloid hybrid cell population

as EDMCs (CD45+CD235a+CD71+CD11b+CD33+HLA-DR� in

cancer patients and CD45+Ter119+CD71+CD11b+Gr1+ in tumor-

bearing mice).

Tumor-induced EDMC conversion from erythroid
precursors
It has been reported that CD45 stalls erythroid precursor cells

(EPCs) at undifferentiated stages during erythroid development,

and CD45 expression is a hallmark of earlier precursors (Craig

et al., 1994; Harashima et al., 2002). We previously found that

CD45+ EPCs accumulated in spleen, BM, and PB of advanced

cancer patients and tumor-bearing mice (Zhao et al., 2018).

Therefore, to assess the myeloid differentiating potential of

EPCs, we purified CD11b�C-kit�CD45+CD235a+CD71+ cells

(CD45+ EPCs) from different tissue compartments of human

cancer patients and cultured them under myeloid induction

conditions (Wu et al., 2014). Approximately 20% of CD45+
Cancer Cell 40, 674–693, June 13, 2022 675



Figure 1. EDMC identification

(A) UMAP of CD235a+ cells collected from bone marrow of bone metastasis-free patients with advanced cervical carcinoma. Unsupervised clusters were iden-

tified based on Louvain algorithm.

(B) ssGSEA score of myeloid signature for each cell from (A). LUT represents myeloid signature score.

(C) Heatmap of top 10 differentially expressed genes from each cluster. Six myeloid-related genes are highlighted for cluster 5.

(D and E) Percentages of CD33+CD11b+HLA-DR� cells among CD235a+ (D) and CD235a+CD71+ cells among CD33+CD11b+HLA-DR� (E) in bone marrow, pe-

ripheral blood, or malignant pleural effusion.

(F) CD33 (green), CD235a (red), and DAPI (blue) staining of tumor tissues from treatment-naive cancer patients.

(G and H) Percentages of Ter119+CD71+ cells among CD45+CD11b+Gr-1+ cells within bone marrow, peripheral blood, spleen, and tumor samples from LLC-

bearing mice at the indicated time points (G–H) (n = 5 per group), B16-F10-bearing on day 15 (left), or in 18-week-old MMTV-PyMT mice (right). Data are

shown as the mean ± SEM, were analyzed by two-tailed unpaired Student’s t tests and are representative of at least three experiments.
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EPCs purified from BM (Figure 2A) and 10% of those from PB

of cancer patients could be induced into EDMCs, whereas

none of the CD45+ EPCs collected from anemic but tumor-

free patients switched to myeloid differentiation. In addition, us-

ing tumor-free tuberculous pleural effusions (TPEs) as a control,

we examined the lineage-switching potential of CD45+ EPCs
676 Cancer Cell 40, 674–693, June 13, 2022
from MPE. Similar to our observations in BM and PB samples,

more than 60% of CD45+ EPCs collected from MPE, but none

from TPEs, were induced to generate EDMCs (Figure 2B).

Morphologically, EDMCs are markedly different from their

mother cells: they are larger in size and are polymorphonuclear

or mononuclear, mirroring M-MDSCs or PMN-MDSCs derived



Figure 2. Erythroid precursors acquire myelopoietic potential in tumor-bearing hosts

(A and B) CD45+ EPCs were isolated from bone marrow, peripheral blood, or pleural effusions and cultured with 40 ng/mL GM-CSF for 3 days. Representative

flow cytometry plots and cumulative composite data are shown.

(C) Giemsa staining of FACS-sorted CD11b+CD33+HLA-DR� cells after 3 days induction.

(D–F) Splenic CD45+ EPCs were isolated from tumor-free, LLC-bearing, B16-F10-bearing, or MMTV-PyMT mice, and cultured with GM-CSF and IL-6 for 3 days

(n = 5 per group).

(G and H) CD45+ EPCs were purified from spleen of CD45.1+ congenically marked tumor-free or tumor-bearing mice, and then transferred into tumor-free or

tumor-bearing CD45.2+ recipients, as indicated. Splenic CD45.1+ donor cells were analyzed on day 5 after transfer (n = 6). Data are representative of three in-

dependent experiments and were analyzed by two-tailed unpaired Student’s t tests. Error bars denote means ± SEM.
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from HSPCs (Figure 2C). These data together suggest that tu-

mors might somehow trigger EPC lineage switching.

In parallel, we isolated CD45+ EPCs from multiple tumor

mouse models (at various progression stages) and induced

myeloid differentiation (Figures S1 and 2D). Three days of

in vitro induction yielded an EDMC phenotype for �10% of

splenic CD45+ EPCs from mice at post LLC inoculation day 14.

This trendwasmore pronounced for cells isolated frommice car-

rying more advanced tumors (day 21), from which more than

30% of CD45+ EPCs became EDMCs (Figures 2E and 2F). This

observation was not LLC specific: CD45+ EPCs collected from

B16-F10-bearing mice (day 15) and MMTV-PyMT mice

(18 weeks) exhibited the same switching phenotype (Figure 2F).

We next tracked CD45+ EPCs differentiation in vivo by trans-

ferring congenic CD45.1+ splenic CD45+ EPCs from LLC

tumor-bearing or tumor-free mice into CD45.2+ LLC tumor-

bearing or tumor-free recipients (Figure 2G). At 5 days post

transfer, in tumor-free recipients, more than 12% of the CD45+

EPCs from tumor-bearing donors were converted into EDMCs,

while, in tumor-bearing recipients, EDMCs accounted for 24%

of transferred CD45+ EPCs from the tumor-bearing donors. In

sharp contrast, CD45+ EPCs isolated from tumor-freemice failed

to acquire myeloid surface marker expression (Figures 2G and

2H). These results indicate that some form of tumor-induced re-

programming is necessary for CD45+ EPCs to convert to a

myeloid lineage.

Trajectory analysis supports the erythroid ontogeny
of EDMCs
To further explore the relationships between CD45+ EPCs and

EDMCs, splenic T-EPCs, and intratumoral EDMCs were isolated

from LLC-bearing mice (day 21) and were subjected to scRNA-

seq analysis. As references, splenic EPCs from acutely anemic

mice (without specifying CD45 expression, A-EPCs), and overall

intratumoral MDSCs (without specifying Ter119 or CD71 expres-

sion) were included in the analyses. A total of 16,885 cells passed

quality control, including 3,429 A-EPCs, 4,965 T-EPCs, 4,624

EDMCs, and 3,867MDSCs. These cells were clustered and visu-

alized using t-SNE (Figures 3A and S2).

Data analysis revealed that transcription factors (TFs) known

to regulate the expression of genes involved in early erythroid

development—includingGata1 (Movahedi et al., 2008), Klf1 (Tal-

lack and Perkins, 2010), and Sox6 (Cantu et al., 2011)—are ex-

pressed in the majority of A-EPCs and in a small cluster (T-iv)

of T-EPCs; meanwhile, these TFs are rarely expressed in

EDMCs and MDSCs (Figure 3B). Beyond these erythroid pro-

genitor cells (both A- and T-EPCs), we also observed that
Figure 3. Trajectory analysis indicates dysregulated myeloid differenti

(A) t-SNE cluster analysis of sorted splenic T-EPCs, splenic A-EPCs, intratumora

from Seurat.

(B) Gene expression landscape of prominent erythroid and myeloid transcription

clusters.

(C) scRNA-seq integration analysis. Data were projected onto two-dimensional s

(D) Cells were colored according to differentiation potentials as computed by Pal

paths (brown, erythroid lineage; blue, myeloid lineage).

(E) Transcription factor expression in pseudotime space. Both erythroid lineage m

dotime.

(F) Cells were colored by pseudotime, indicating dynamic progress from root to

(G) Differentiation potential diminishes along the erythroid and myeloid lineages.
EDMCs express multiple erythroid lineage molecules including

all hemoglobin subunits (Gypa, Epb41, Alsa2, Fech, and Bpgm;

Figures 3B and S3), suggesting that EDMCs retain major charac-

teristics of the erythroid lineage. It has been reported that PU.1

diminishes erythroid potential and establishes the myeloid line-

age (Back et al., 2005). Accordingly, PU.1 was largely absent

from A-EPCs, but was expressed in T-EPCs, EDMCs, and

MDSCs (Figure 3B), suggesting that EDMCs are likely an

erythroid-lineage-derived subpopulation of the myeloid lineage.

To sort out the pathway for erythroid-to-myeloid lineage tran-

sition, we combined all 16,885 cells from the four samples

described above and performed UMAP clustering (Becht

et al., 2019). This method divided A-EPCs and EDMCs into

two discrete branches; and T-EPCs construct a ‘‘connecting

bridge’’ in between (Figure 3C). Cluster T-iv of T-EPCs

(Figures 3A and 3C) largely overlapped with the major popula-

tion of A-EPCs, suggesting that these cells have preserved

erythroid potential for mature red blood cell differentiation. In

contrast, cluster T-iii of T-EPCs (Figures 3A and 3C) ap-

proached and extended into the EDMC zone, indicating that

some splenic T-EPCs are differentiated in advance to reach

full myeloid conversion. We also employed partition-based

graph abstraction (PAGA) to assess subpopulational connec-

tions across samples (Wolf et al., 2019). This method extracts

each subpopulation/cluster of cells into a graphic node with

edge weights quantifying the transcriptional similarity between

subpopulations/clusters. As with UMAP clustering, PAGA

separated A-EPCs and EDMCs into two discrete branches con-

nected by T-EPCs. Also, individual EDMC and MDSC nodes

were either overlapping or in close contact, implying high sim-

ilarity (Figure S4). Thus, scRNA-seq data analyzed using two

distinct approaches both support an erythroid-to-myeloid line-

age transition from T-EPCs to EDMCs.

We also applied Palantir (Setty et al., 2019) to our scRNA-seq

data to depict the landscape of this tumor-instructed lineage

development. This algorithm estimates the fate probability of

cells at each terminus under a Markov continuous model based

on each individual expression profile, then summarizes these

probabilities using entropy for the differentiation potential. This

procedure placed cluster T-i of T-EPCs (Figure 3C) on top of

the differentiation hierarchy (Figure 3D), suggesting that it serves

as the origin of erythroid/myeloid bifurcated differentiation.

These T-i cells are Klf2hiSca-1hic-KitlowCd34�, mimicking the

phenotype of the most primitive HSPCs in normal mice

(Figures 3E and 3F) (Morita et al., 2010; Shin et al., 2014; Span-

grude et al., 1988). However, they express only low levels of

Runx1 (Okuda et al., 1996), and do not express Scl/Tal-1
ation from CD45+ EPCs

l EDMCs, and intratumoral MDSCs. Colors indicate combined t-SNE clusters

factors. y axis, gene expression; x axis, individuals cells grouped by Seurat

pace using force-directed graphing.

antir. Five examples (red dots) show branch probabilities for two differentiation

arkers (left of Sca-1) and myeloid markers (right of Sca-1) increase along pseu-

each terminal state.

Orange, higher pseudotime values and differentiation potential.

Cancer Cell 40, 674–693, June 13, 2022 679



Figure 4. GM-CSF signaling mediates CD45+ EPC transdifferentiation into EDMCs

(A) High-dimension transcriptomes were projected onto 2D space using force-directed graphing. Blue, low expression; red, high expression.

(B) t-SNE plots of GM-CSFR gene expression in T-EPCs. Red, high expression.

(C) GM-CSFR expression in CD45+ EPCs as quantified by flow cytometry.

(legend continued on next page)
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(Shivdasani et al., 1995), TFs that function in supporting HSPC

stemness. Rather, T-i EPCs strongly express the transcription

factor Irf8 (Onodera et al., 2016), which presumably functions

to bias toward the myeloid lineage (Figure S5).

To confirm this root cell selection, we purified CD45+ EPCs

from spleens of LLC tumor-bearing mice (day 0) and subjected

them to in vitro culture for myeloid differentiation. Two more

samples—cells at days 1.5 and 3 after culture initiation—were

collected for scRNA-seq (Figure S6A). A total of 11 clusters

were identified at a resolution of 0.3 and these clusters were

visualized in UMAP. We observed that clusters 8, 3, 0, 9, 5,

2, and 10, which carry a strong erythroid signature, diminish

remarkably from days 0 to 3; meanwhile, sizes of clusters 4,

7, 6, and 1, which express myeloid surface markers such as

family members of CSFRs (Figures S6B–S6D), are steadily

enlarged. Palantir analysis pinpointed cluster 8 as a potential

root population for pseudotime progression (Figure S6E).

Importantly, the transcriptomic signature of this root population

is Klf2hiSca-1hic-KitlowCd34�Irf8hi, the exact feature identified in

the T-i subset of T-EPCs (Figure S6F). The mixed features sug-

gest that, unlike their counterparts in normal hematopoiesis,

this tumor-converted HSPC-like population identified within

the T-EPC pool is biased toward the myeloid lineage.

With the assumption that sampled individual cells can natu-

rally spread across differentiation stages on a lineage trajectory,

pseudotime analysis enables the allocation of individual cells to

precise differentiation time points and represents a continuum

time series for lineage genesis (Trapnell et al., 2014). In addition,

the quantitative matrices of cell plasticity and differentiation po-

tential allow for the determination of fate decision moments and

the discovery of cell subpopulations at each branchpoint (Becht

et al., 2019; Wolf et al., 2019). Starting from cluster T-i, the cells

branch in bifurcation trajectories that reflect gradually reduced

plasticity, proceeding toward either an erythroid or myeloid

specification (Figure 3F). That is, this analysis shows that thema-

jor A-EPC population and the EDMC/MDSC mixture represent

two divergent terminals of differentiation (Figures 3G and S7).

On the differentiation branch from T-EPC to EDMCs, the TFs

C/EBP, Irf8, and Pu.1 are expressed in cluster T-ii of T-EPCs

(Figure S5A). This subpopulation represents a clear departure

from the erythroid lineage (Figures 3E, 3F, and S5). Along the

pseudotime trajectory, the T-ii and T-iii subpopulations resides

close to the EDMC/MDSC mix; these are Cd14hiCd16hiCd68hi-

Lyz2hiS100a9hi and thus resemble M-MDSCs previously charac-

terized from cancer patients (Feng et al., 2012;Marvel andGabri-

lovich, 2015).

Taken together, these lineage commitment and differentiation

potential assessments obtained at the single-cell level suggest

that, distinct from extramedullary hematopoiesis triggered by

acute anemia, established tumors remotely block the default

red blood cell differentiation pathway of CD45+ EPCs. Our find-
(D and E) GM-CSFR+ andGM-CSFR� populations in splenic CD45+ EPCswere iso

congenically marked tumor-bearing mice for 5 days (E). CD11b+Gr-1+ cells were

(F) GM-CSFwasmeasured in serum collected from tumor-free or tumor-bearingm

(n = 5). MEF, mouse embryonic fibroblasts.

(G) CD45+ EPCs were cultured in CM with or without anti-GM-CSF. Percentages

(H–J) sh-GM-CSF or vector transfected LLCs were inoculated into C57BL/6 mice

and I). Tumor volumes are shown (J) (n = 5). p values from two-tailed t tests are
ings also suggest that this blockade results in the accumulation

of multipotent progenitor cells with converted myeloid lineage

potential in the spleen, which eventually differentiate into bona

fide MDSC-like myeloid cells after migrating to the tumor.

Erythroid-to-myeloid conversion is mediated by GM-
CSF signaling
To investigate the driving force facilitating erythroid-to-myeloid

lineage conversion, we focused on cluster T-ii of T-EPCs. T-ii, fol-

lowed by T-iii, is the population directly linkingmultipotent T-i cells

to myeloid differentiation. Notably, T-ii is also the earliest popula-

tion in this lineage that expresses Csf2ra and Csf2rb (Figure 4A),

which encode the key cytokine receptor GM-CSFR (granulocyte-

macrophagecolony-stimulating factor receptor) formyeloid differ-

entiation (Hamilton, 2008). Among the heterogeneous CD45+ EPC

pool, T-ii and T-iii are the only subpopulations expressing GM-

CSFR (Figure 4B). As confirmed by FACS analyses, GM-CSFR is

highly expressed in CD45+ EPCs isolated from tumor-bearing

mice, but not in those from tumor-free mice (Figure 4C).

We separated CD45+ EPCs into GM-CSFR� and GM-CSFR+

(enrichedwithT-ii andsomeT-iii cells) groups fordifferentiationas-

says and observed a dramatic difference in differentiation capac-

ity:while only5%ofGM-CSFR�CD45+EPCsacquiredCD11band
Gr1 expression, more than 80% (in vitro) or 30% (in vivo) of GM-

CSFR+CD45+ EPCs were lineage converted (Figures 4D and 4E).

Thus, as suggested by previous studies (Dolcetti et al., 2010),

the presence of GM-CSF signaling machinery correlates with the

capacity for erythroid-to-myeloid lineage conversion.

We next explored the physiological source of GM-CSF pro-

duction. GM-CSF is present at high levels in sera from LLC tu-

mor-bearing mice and in conditioned medium from LLC and

B16-F10 cells (Figure 4F). Moreover, this conditioned medium

is sufficient to drive CD45+ EPC conversion, which is inhibited

by antibody-mediated GM-CSF neutralization (Figure 4G).

To determine whether GM-CSF is required for erythroid-to-

myeloid lineage conversion in vivo, we used shRNA to silence

GM-CSF expression in LLC cells and measured EDMC abun-

dance. Importantly, this reduction in tumoral GM-CSF produc-

tion leads to reduced EDMCs in both spleen (Figure 4H) and

tumor (Figure 4I). In addition, silencing GM-CSF expression in

tumor cells also impaired tumor growth (Figure 4J). Together,

these results suggest that GM-CSF produced by tumor cells

may mediate the long-distance initiation of T-EPC transdiffer-

entiation into the myeloid lineage; moreover, intratumoral GM-

CSF could provide an inflammatory environment to facilitate

EDMC maturation.

EDMCs mediate robust immunosuppression
Single-cell transcriptomic analyses also unveil their step-by-

step functional maturation (Figures 5A and S8). As one of the

most primordial immunosuppressive mechanisms (Wrzesinski
lated and cultured withGM-CSF and IL-6 (D) (n = 6), or transferred into CD45.1+

quantified by flow cytometry.

ice (n = 6), or conditionedmedium (CM) from 24-h cultures of the indicated cells

of CD11b+Gr-1+ cells were analyzed (n = 5).

as indicated. Total numbers of EDMCs in spleen and tumor were quantified (H

reported. Bar graphs denote mean values ± SEM.
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et al., 2007), TGF-b1 is expressed across all samples examined,

including A-EPCs, T-EPCs, EDMCs, and MDSCs. The T-EPC

group, while possessing highly heterogeneous differentiation

potential, almost uniformly acquired new suppressive mecha-

nisms, including the co-inhibitory ligands PD-L1, PD-L2, and

Icos-L, as well as NO-producing enzyme Nox2 (also known as

Cybb). These machineries are all inherited by both EDMCs and

MDSCs. Arg1 and other signature MDSC machineries, such as

Mrc1 andPtgs2, are largely absent from T-EPCs, and instead ex-

pressed in EDMCs. In contrast, VEGF and IL-10 expression is

initiated in subpopulations of T-EPCs and is almost universal in

EDMCs and MDSCs. To summarize, although T-EPCs are

capable of robustly curbing T cell activation, terminal differentia-

tion into EDMCs allows them to gain a wider variety of suppres-

sive apparatuses.

We divided MDSCs in TME into EDMCs and Ter119�CD71�

MDSCs, which are known to develop from a myeloid origin.

EDMCs collected from tumor tissue of LLC-bearing mice (day

21) express significantly higher levels of PD-L1, PD-L2, Arg-1,

iNos, CD38, and CD49 as compared with Ter119�CD71�

MDSCs (Figures 5B and 5C). Moreover, we observed that

EDMCs are more effective in suppressing CD8+ T cell prolifera-

tion (Figure 5D). This immunosuppressive ability was also re-

flected in EDMCs’ relatively stronger capacity to suppress inter-

feron-g (IFN-g) production (Figure 5E). In addition, EDMCs

isolated from MMTV-PyMT mice (18 weeks), as well as from

MPEs of late-stage cancer patients, have a relatively stronger

ability to inhibit CD8+ T cell proliferation compared with

Ter119�CD71� MDSCs (Figure 5D).

We next examined the functional role of the EDMCs in tumor

progression using a gain-of-function setting. B16-F10 tumor cells

were subcutaneously transplanted into C57BL/6 mice, after

which 1 3 106 EDMCs or Ter119�CD71� MDSCs were intrave-

nously transferred on days 0, 4, and 7 after tumor cell inoculation.

Both Ter119-CD71� MDSCs and EDMCs accelerated tumor

growth and shortened mouse survival. However, we noted that

EDMCsweremore efficacious in facilitating primary tumor growth

(Figures 5F–5H). We further examined the impacts of these pop-

ulations in promoting tumor metastasis. For this, B16-F10 cells

and EDMCs or Ter119�CD71� MDSCs were intravenously trans-

ferred, and lung tumor engraftment was examined on day 15 post

inoculation. Again, both EDMCs and Ter119�CD71� MDSCs

increasedmelanoma nodule formation in the lung, but the metas-

tasis-promoting effects of EDMCs were consistently stronger
Figure 5. EDMC functional maturation and immunosuppressive capac

(A) Trackplot showing immunosuppressivemarker expression in A-EPCs, T-EPCs

dotime.

(B and C) Representative histograms showing expression of mediators and cost

mice (n = 5).

(D) CFSE-labeled activated CD8+ T cells were co-cultured with EDMCs or Te

advanced cancer patients. Representative plots show percentages of CFSElow C

(E) Frequencies of IFN-g-producing CFSElow T cells and MFI were analyzed by in

(F–H) B16-F10 cells were subcutaneously injected into C57BL/6 mice, after whic

and 7. Tumor volumes (G) and survival data (H) are shown.

(I and J) B16-F10 cells were intravenously injected to induce lung metastasis, afte

7. Mice were euthanized on day 15. Representative lung images (I), and cumulat

(K) MC-38 cells were subcutaneously injected into C57BL/6 mice, which were tr

venously administered purified EDMCs or Ter119�CD71� MDSCs as indicate

values ± SEM.
(Figures 5I and 5J). Moreover, in an ICI-sensitive MC-38 model,

we found that the efficacy of anti-PD-L1 treatment against subcu-

taneously implanted tumors is attenuated by adoptive transfer of

either classical MDSCs or EDMCs; however, when equal

numbers of cells were transferred, EDMCs mediated stronger

suppression than Ter119�CD71� MDSCs (Figure 5K). Collec-

tively, these results establish EDMCs as a TME component with

robust immunosuppressive activity.

EDMC abundance is positively correlated with an
immunosuppressive phenotype in pan-cancer
To investigate the clinical relevance of EDMCs, we first devel-

oped a signature gene set as an identifier to deconvolute

EDMCs from bulk RNA-seq data. Since the MPE is a compart-

ment enriched with EDMCs (Figures 1D and 1E), we sorted

CD45+CD235a+CD71 + cells from a patient with MPE (desig-

nated as MPE-donor below) and performed scRNA-seq. A total

of 7,284 cells passed the filtering criteria with an average of 2,937

genes detected per cell. Four major clusters were identified us-

ing an unsupervised clustering approach, and were visualized

using a UMAP method (Figure S9A). Single-sample gene set

enrichment analysis (ssGSEA) (Barbie et al., 2009) determined

the dominant cluster ofMPECD45+CD235a+CD71+ cells (cluster

0) as EDMCs (Figure S9B).

To delineate EDMC-specific signature genes, we set two strin-

gent qualification criteria: (1) these genes need to reflect myeloid

features, such that signature gene expression is more prevalent

(R50%) in EDMCs than in other erythroid lineage cells (clusters

1–3 combined), and (2) these genes need to reflect an erythroid

origin; hence, signature gene expression should be more preva-

lent (R50%) in EDMCs than in intratumoral MDSCs (Kim et al.,

2020) (Figure 6A). Using these parameters, a total of 16 genes

(ADA2, CALHM6, CD300E, FCN1, FPR1, TAMALIN, HLA-

DQA2, IGFLR1, IL4I1, NLRP3, PDE4B, PFKFB3, SAMSN1,

PELATON, STAB1, and TNFSF13) (Figure S10A) were desig-

nated as an EDMC signature profile. To validate the specificity

of this panel, EDMCs, CD235a�CD71�MDSCs (CD45+-

CD235a�CD71�CD11b+CD33+HLA-DR�) and other non-

myeloid cells (CD11b�CD33�) were isolated from the aforemen-

tionedMPE donor. Bulk RNA-seq detected 14 of 16 genes in this

EDMC signature panel, and revealed highest expression of these

genes in the EDMC transcriptome (Figure S10B). Therefore, this

EDMC signature profile was designated as an ssGSEA reference

for computing an ‘‘EDMC score.’’
ity

, EDMCs, andMDSCs. Cells were grouped by t-SNE and then ordered by pseu-

imulatory molecules in EDMCs and Ter119�CD71� MDSCs from LLC-bearing

r119�CD71�MDSCs from LLC tumors, MMTV-PyMT tumors, or MPEs from

D8+ T cells (n = 4).

tracellular staining.

h EDMCs or Ter119�CD71� MDSCs were intravenously injected on days 0, 4,

r which EDMCs or Ter119�CD71�MDSCs were administered on days 0, 4, and

ive composite data of tumor nodules (J) are shown.

eated with anti-PD-L1 every 3 days for a total of four doses. Mice were intra-

d. p values from two-tailed t tests are reported. Bar graphs denote mean
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Figure 6. EDMCs correlate with an immunosuppressive TME

(A) Strategy to identify EDMC representative genes. Each dot indicates an expressed gene. The red square contains genes highly specific for EDMCs.

(B) Presence of in-silico-estimated EDMCs in the TME. Coordinates for each cell were directly retrieved from published tumor scRNA-seq data. The purple

dashed line indicates the annotated myeloid cell population from datasets of indicated studies.

(C) Pearson correlation between EDMCs and immunophenotypes for 10,148 TCGA (The Cancer Genome Atlas) cases. Colors represent different tumor types.

(D) RNA-seq-estimated EDMC abundance and PD-L1 protein expression assessed by IHC. p values from Mann-Whitney U-test are reported. Boxplots denote

median values ± quantiles.

(E) Pearson correlation between EDMCs and exhausted CD8+ T cells for TCGA data. Exhausted CD8+ T cell signatures were quantified by ssGSEA scores.
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First, we applied this validated EDMC detection algorithm to

publicly accessible scRNA-seq datasets for correlative studies.

These data cover patients with non-small cell lung cancer
684 Cancer Cell 40, 674–693, June 13, 2022
(NSCLC), colorectal carcinoma (CRC), melanoma, and hepato-

cellular carcinoma (HCC) (Lambrechts et al., 2018; Lee et al.,

2020; Sade-Feldman et al., 2018; Yost et al., 2019; Zhang



Figure 7. Survival analysis of ICI-treated cohorts

(A) Stacked bar plots showing proportions of immunosuppressive TMEs in solid tumor patients with different extents of EDMC infiltration. Blue bar, immuno-

suppressive TME; gray bar, others.

(B) Kaplan-Meier survival plot of overall survival based on ratios of EDMCs to activated CD8+ T cells.

(legend continued on next page)
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et al., 2019, 2020). In each of these intratumoral scRNA-seq da-

tasets, we detected cells with high EDMC scores located within

the originally annotated myeloid cluster. These results indicate

that EDMCs occur in multiple human cancer types (Figure 6B).

Second, we noted that immunosuppressive molecules, such

as iNOS and PD-L1, are fully matured in intratumoral EDMCs

(Figures 5A and 5B). Accordingly, we found that, for 10,148

RNA-seq data across majority cancer types collected in The

Cancer Genome Atlas, EDMC score is positively correlated

with Cybb and PD-L1 expression (Figures 6C and S11). We vali-

dated this correlation between PD-L1 protein expression and

EDMC score by recruiting a cohort of 171 treatment-naive

NSCLC patients and performing bulk RNA-seq and immunohis-

tochemistry to quantify EDMC scores and PD-L1 levels, respec-

tively. These results show that PD-L1 positivity correlates with in-

silico-estimated intratumoral EDMC infiltration (Figure 6D).

Third, we noted that intratumoral PD-L1 is known to directly

stimulate T cell exhaustion (Jiang et al., 2015). Thus, we adopted

a reference gene set developed through either pan-cancer anal-

ysis (Danaher et al., 2017) or scRNA-seq of NSCLC infiltrated

T cells (Guo et al., 2018) to quantify transcriptomic features of

CD8+ T cell exhaustion (Wherry, 2011). We found that an

elevated EDMC score is strongly correlated with CD8+ T cell

exhaustion across many cancer types, including NSCLC, HCC,

CRC, stomach carcinoma, and breast cancer, among others

(Figures 6E and S11).

EDMCs curtail anti-PD-1/PD-L1 treatment efficacy
Besides PD-L1 induced exhaustion, EDMCs possess extensive

mechanisms to suppress T cell function (Figure 5). Hence, we

reasoned that the EDMCs may affect the efficacy of ICI thera-

pies. We first investigated whether EDMC infiltration is associ-

ated with an immunosuppressive TME. An algorithm for the

immunosuppression assessment of TME was established using

representative immunosuppressive markers (Luke et al., 2019;

Woroniecka et al., 2018) from six cohorts that were administered

ICIs as either monotherapy or in combination with chemother-

apies (Gide et al., 2019; Hugo et al., 2016; Mariathasan et al.,

2018; Pender et al., 2021; Riaz et al., 2017; Van Allen et al.,

2015). Based on the median value of each cohort-specific

EDMC score computed from pre-treatment tumor tissue RNA-

seq data, patients were categorized into two groups. For the

group with high EDMC scores, a higher percentage of patients

was determined to have immunosuppressive tumor characteris-

tics, suggesting that EDMCs in the human TME are immunosup-

pressive (Figure 7A).

Because recruitment of immunosuppressive cells is a negative

feedback pathway associated with enhanced local anti-tumor

cytotoxicity (Jia et al., 2018), we delineated the ratio of EDMCs

to activate effector CD8+ T cells (EDMCs/ActCD8) as a stratifica-

tion factor for patient prognosis. The ActCD8 score was

computed by ssGSEA using a reference gene set previously
(C) Forest plot of EDMC/ActCD8 on OS in ICI-treated cohorts. Patient numbers,

are shown.

(D and E) Cox survival analysis of (D) MDSCs and (E) Tregs.

(F) Bar plot showing increased HRs for the three indicated suppressor cell types

(G) Increased HRs for the three suppressor cell types in pooled cohorts.

(H) Objective response rates based on EDMC frequency in blood of patients trea
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developed (Bindea et al., 2013). When this EDMC/ActCD8 ratio

was applied to the aforementioned ICI-treated cohorts, lower

proportions of objective response (patients achieving complete

response or partial response [PR]) and fewer responders (pa-

tients reaching objective response or reaching stable disease

and sustaining for more than 6 months) were identified among

patients with higher EDMC/ActCD8 values (Figure S12). Further-

more, hazard ratio (HR) analysis was used to quantify the magni-

tude of survival damage from suppressor infiltration (HR < 1,

favorable survival outcomes in patients with a higher ratio;

HR > 1, unfavorable survival outcomes in patients with a higher

ratio). We observed a trend for unfavorable overall survival (OS)

of patients with a higher EDMC/ActCD8 ratio, with an increase

in the HR ranging from +37% (Mariathasan et al., 2018; HR =

1.37) to +231% (Hugo et al., 2016; HR = 3.31) (Figure 7B). To

test the robustness of the EDMC/ActCD8 ratio in a pan-cancer

setting, patients were separated into high and low groups for

their cohort, which were then merged for analysis. Upon pooling

these patients together, patients with higher EDMC/ActCD8 ra-

tios have a 55% increase in HR for ICI resistance (Figure 7C).

MDSCs and Tregs are well-characterized immunosuppressive

cell types in the TME, and their infiltration can predict ICI out-

comes (Koh et al., 2020; Weber et al., 2018). Thus, we compared

their predictive accuracy to that of EDMCs. Specifically, for the

six aforementioned cohort studies, we compared the HR to

MDSCs/ActCD8 and Tregs/ActCD8 in each cohort (Figures 7D

and 7E). Compared with MDSCs and Tregs, using the EDMC/

ActCD8 ratio showed the greatest increase in the HR in all six co-

horts (Figure 7F). Collectively, we observed a notable increase in

HR for EDMCs (+55%) among the three suppressors in the

pooled cohort (Figure 7G; MDSCs/ActCD8, +31%; Tregs/

ActCD8, +40%). We also assessed the predictive value of

EDMCs on ICI efficacy for our ongoing cohort of ICI-treated can-

cer patients. Using flow cytometry, we directly measured EDMC

and MDSC percentages among CD45+ PBMCs. While the

MDSC percentage could not predict prognosis, a higher objec-

tive response rate—especially the rate of partial response by

radiological assessment (PR, 57.143% versus 20%)—was

observed in the EDMC-low patient group (Figure 7H).

Anemia predicts ICI treatment efficacy
Given that EDMCs are differentiated from CD45+ EPCs and that

peripheral CD45+ EPCs can be robustly induced by tumor-asso-

ciated anemia (Zhao et al., 2018), EDMCs should be highly

elevated in anemic cancer patients. As expected, we observed

that, regardless of their clinical characteristics, including age,

gender, disease stage, tumor burden, and liver/kidney function

(Figure S13), the degree of anemia in patients is positively asso-

ciated with EDMC percentage in PB of patients with advanced

cancers (Figure 8A; R = �0.416, **p = 0.0037).

To investigate whether anemia is a risk factor obstructing ICI

efficacy, we retrospectively analyzed a cohort of 143 advanced
HR values with 95% CI, and two-sided Cox proportional regression p values

and each ICI-treated cohort.

ted with ICI therapies.



Figure 8. Predictive value of anemia in ICI-treated cohorts

(A) Scatterplot depicting correlation between HGB concentration and frequency of EDMCs in peripheral blood. Pearson correlation coefficients and p values

are shown.

(B and C) Kaplan-Meier survival plots of PFS and OS (B), and objective response rates (C) of NSCLC patients treated with anti-PD-1/PD-L1 therapy according to

HGB level.

(D and E) Survival analysis (D) and objective response (E) in mixed solid cancer patients according to HGB concentration.

(F–I) Forest plot of anemia (HGB < 90 g/L) on PFS and OS in IMPACT cohorts. HR values with 95% CI and two-sided Cox proportional regression p values

are shown.
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NSCLC patients who received anti-PD-1/PD-L1 treatment and

were followed for more than 3 years. Compared with patients

with normal or slightly reduced HGB levels, patients with moder-

ate-to-severe anemia (HGB < 90 g/L) showed significantly

reduced responses to ICI treatment for both progression-free

survival (PFS) (median 2.07 versus 4.40 months, p < 0.0001)

and OS (median 4.67 versus 16.83 months, p < 0.0001) (Fig-

ure 8B; Table S2). Accordingly, anemia at the baseline of ICI

treatment, using a bloodHGBconcentration of 90 g/L as a cutoff,

robustly identified non-responders: 73.3% of the patients with

moderate-to-severe anemia exhibited progressive disease, rep-

resenting a remarkable enrichment from the 33.6% observed in

control patients (Figure 8C). Of particular note, whereas approx-

imately 20% of NSCLC patients with HGB R 90 g/L achieved a

partial response with ICI therapies, the best outcome for anemic

patients analyzed in this cohort was merely stable disease

(Figure 8C).

This correlation between anemia and responsiveness to ICI

therapies is not limited to NSCLC patients. In an independent

cohort comprised of 70 patients with various types of late-stage

solid tumors (NSCLC excluded) treated with ICI-containing reg-

imens, remarkably poor survival outcomes were observed in pa-

tients with baseline HGB levels below 90 g/L (PFS median 1.02

versus 6.83 months, p = 0.0019; Figure 8D; Table S3). Consis-

tently, after ICI treatment, most anemic patients experienced

disease progression (75% in the anemic group versus 32.7%

in the control group, p = 0.047; Figure 8E); the best objective

response achieved by these anemic patients was stable disease,

and no partial responses were observed (0.0% in the anemic

group versus 25.9% in the control group, p = 0.047; Figure 8E).

To further validate our findings across various solid tumor types,

we tested the predictive value of anemia (HGB < 90 g/L) in the

MSKCC-IMPACT cohort, which is composed of 1,479 patients

treated with ICIs across 16 different cancer types (Chowell

et al., 2021). This showed that, for both OS and PFS ratios, ane-

mia is strongly associated with poor prognosis in most cancer

types as well as in a combinatory pan-cancer analysis

(Figures 8F–8I). Viewing these findings collectively, we propose

that, for patients with late-stage malignant tumors, anemia is a

compelling risk factor that can obstruct the efficacy of ICI

therapy.

DISCUSSION

Enhanced myelopoiesis has been previously observed in cancer

patients and in tumor-bearing mice, leading to extensive infiltra-

tion of various myeloid cells including MDSCs, macrophages,

and neutrophils into the TME and/or PB (Gentles et al., 2015; Ha-

nahan and Coussens, 2012; Strauss et al., 2015). The basis for

this enhanced myelopoiesis has to date been largely attributed

to interference with, or rerouting of, hematopoiesis activity

(Bayne et al., 2012) (e.g., elevated levels of GMPs) to support a

systemic tumor-promoting myelogenesis. It is known that such

rerouting can be induced by tumor-derived factors, including

GM-CSF (Pylayeva-Gupta et al., 2012) and the peptide hormone

angiotensin II (Cortez-Retamozo et al., 2013), among others. Our

results in this study support the concept that tumors can induce

erythroid lineage cells to differentiate into tumor-associated

myeloid cells, a cell population herein named EDMCs. In this
688 Cancer Cell 40, 674–693, June 13, 2022
way, tumors induce a systemic deviation in myeloid lineage

development by directing the differentiation of erythroid precur-

sors toward tumor-associated myeloid cells.

Recent studies have revolutionized our understanding of the

events comprising early hematopoiesis (Giladi et al., 2018; Notta

et al., 2016; Paul et al., 2015; Perie et al., 2015). For example, sin-

gle-cell level evidence indicates that, during routine hematopoie-

sis, the erythroid-versus-myeloid fate decision is made prior to

the formation of CMPs (Akashi et al., 2000; Paul et al., 2015).

Instead of a uniform population with multipotency, it is now clear

that ‘‘CMPs’’ are a heterogeneous group of transcriptionally and

functionally committed cells. In this study, we found that the

cellular parents of EDMCs (cluster T-i of T-EPCs) arenot a progen-

itor population present in healthy mice. Rather, while cells within

the T-i cluster share certain characteristics with quiescent long-

lived HSPCs, such as Sca-1hic-kitlowCD34�CD150hiRunX1+ (Gi-

ladi et al., 2018), they also express TFs that regulate differentiation

toward monocytic/granulocytic lineages and which are rarely

detectable during normal hematopoiesis. Our current view is

that, despite their expressionof IRF8andPU.1, traditionalmyeloid

lineage markers and functional machineries remain absent in T-i

cells. Accordingly, cellswithin the T-i cluster appear to bemultipo-

tent HSPC-like cells that have been strongly biased by tumors to

favor differentiation toward the myeloid lineage. In addition, we

speculate that these cells found in tumor-bearing mice are not

classical HSPCs egressing from BM, but instead originate from

precursors already expressing markers for erythroid lineage

commitment. Although erythroid-specifying TFs, such as Gata1

and Klf1, are silenced in T-i cells, their lineage traces are main-

tained at the cell surface (Ter119+CD71+ in mice and

CD235a+CD71+ in human) and in their transcriptomes, as demon-

stratedbyactivationofgenes involved inhemoglobincomplex for-

mation, oxygen transport, and red blood cell membrane assem-

bly. Together, these results favor a model wherein multipotent

CD45+ EPCs are derived from tumor-induced de-differentiation

ofEPCs. Thus, thecurrent conceptionof lineagecommitmentdur-

inghematopoiesis, especially in thecontextof cancer,may require

substantial updating and revision.

Recent studies have revealed that tumor-associated myeloid

cells, including MDSCs, tumor-associated macrophages, and

neutrophils, in fact represent a highly heterogeneous population

(Barkal et al., 2019; Bronte et al., 2016). MDSCs can, for example,

be divided into at least two major subsets: mononuclear MDSCs

(M-MDSCs and CD11b+Ly6G�Ly6Chigh) and polymorphonuclear

MDSCs (PMN-MDSCs and CD11b+Ly6G+Ly6Clow) (Bronte et al.,

2016). Besides these distinct surface makers, M-MDSCs exert

more robust immunosuppression than PMN-MDSCs (Youn

et al., 2013). In this study, we identify an EDMC population that

is induced by tumors to differentiate from the erythroid lineage.

In comparison with Ter119�CD71� MDSCs, higher levels of im-

mune inhibitory molecules including PD-L1, PD-L2, iNOS, Arg1,

and CD49, among others, are expressed on EDMCs; this reflects

their stronger ability to inhibit CD8+ T cell proliferation and IFN-g

production. Our analyses further show positive correlations be-

tween EDMC abundance and intratumoral PD-L1 expression,

as well as the overall extent of immunosuppression. Retrospec-

tive analyses of ICI efficacy from previous cohorts and our own

studies further demonstrate that patients with a higher EDMC/

ActCD8 ratio tend to be more resistant to ICI treatments. This
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resistance may reflect the presence of immunosuppressive ma-

chinery in EDMCs, which apparently presents a major challenge

for monotarget immunotherapies. In view of EDMCs’ unique dif-

ferentiation mechanism, the identification of a specific target to

deplete EDMCs may provide an effective combinational strategy

to improve ICI therapeutic efficacy in the future.

Anemia is frequently associated with late-stage human can-

cers and is often observed in tumor animal models. We previ-

ously reported that established tumors induce anemia and sub-

sequently initiate extramedullary hematopoiesis to accumulate

CD45+ EPCs in the spleen and liver. However, extramedullary

hematopoiesis does not replenish red blood cells, because

CD45+ EPCs are arrested. In this study, we found that these ar-

rested CD45+ EPCs can differentiate into EDMCs. This new un-

derstanding helps to explain the following clinical phenomena:

(1) the EDMC population expands in late-stage cancer patients;

(2) anemia and immunodeficiency are frequently associated with

late-stage human cancers; (3) while recombinant human erythro-

poietin (rhEPO) and erythropoiesis-stimulating agents (ESAs)

promote red blood cell growth and differentiation and can effec-

tively treat anemia, they do not prolong the survival of cancer

patients with anemia (Arcasoy, 2008; Hedley et al., 2011); (4)

anemia can successfully predict ICI treatment efficacy.

Regarding ESAs, our findings suggest that the poor efficacy of

these drugs might be attributable to the hijacking of EPO/ESA-

induced EPCs to produce EDMCs. In this scenario, it is urgent

to study the mechanism(s) underlying the arrest of CD45+ EPC

differentiation into red blood cells, which should support the

development of corresponding drugs to overcome anemia while

also diminishing EDMC generation.

In summary, here we illustrate how an established tumor, func-

tioning like a lymph organ, can fundamentally manipulate hema-

topoiesis and immune responses in amanner that curtails the ef-

ficacy of ICI therapies. Based on this study and our previous

findings (Zhao et al., 2018), we propose a model depicting how

tumors remotely exploit EPCs in the spleen and BM through at

least two connected programs: first, by blocking default differen-

tiation pathways toward red blood cells (Zhao et al., 2018); and,

second, by de-differentiating these lineage-committed erythroid

precursors back into a peculiar, multipotent progenitor stage, as

characterized by our single-cell transcriptome data. These pro-

genitor-like cells are biased to transdifferentiate toward the

myeloid lineage. This process creates a feedforward mechanism

whereby sustained anemia repeatedly triggers extramedullary

erythropoiesis, but tumor-hijacked extramedullary erythropoi-

esis never replenishes the needed red blood cells, ultimately re-

sulting in continuous production of EDMCs and systemic sup-

pression against immune surveillance.
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at Chinese Academy of

Sciences, Beijing, China

N/A

CD45.1+ transgenic mice Provided by Dr. Bo Guo at

Baoan Women’s and Children’s

Hospital, Shenzhen, China

N/A

Oligonucleotides

ShGM-CSF targeting sequence:

cgTCTCTAACGAGTTCTCCTT

Shanghai Genechem Co.,Ltd. N/A

Deposited data

Single cell RNA-Seq for mouse samples This paper NCBI GEO: GSE201715

Processed and analyzed RNA-seq

data for mouse samples

This paper Mendeley data: https://doi.org/10.17632/

5ttrnmvjjx.4

Software and algorithms

Graphpad Prism 7.0 software GraphPad Software, Inc. http://www.graphpad.com/

scientificsoftware/prism/

Cell Ranger v2.2 10x Genomics https://support.10xgenomics.

com/single-cell-gene-expression/

software/pipelines/latest/

what-is-cell-ranger

R v3.6 (R Core Team, 2017) https://cran.r-project.org/

ggplot2 (Ginestet, 2011) https://cran.r-project.org/web/

packages/ggplot2

Plyr (Wickham, 2011) https://cran.r-project.org/web/

packages/plyr

RNA velocity (velocyto) (La Manno et al., 2018) http://velocyto.org
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REAGENT or RESOURCE SOURCE IDENTIFIER

Scanpy (Wolf et al., 2018) https://scanpy.readthedocs.io

Palantir (Setty et al., 2019) https://github.com/dpeerlab/

Palantir

Matplotlib (Hunter, 2007) https://matplotlib.org/

Seurat v2.3.4 (Butler et al., 2018) https://cran.r-project.org/web/

packages/Seurat/

paga (integrated with scanpy) (Wolf et al., 2019) https://scanpy.readthedocs.io

Scvelo v0.1.17 (integrated with scanpy) https://github.com/theislab/scvelo

Pandas (McKinney, 2010) https://pandas.pydata.org/

Scipy (Jones et al., 2001) http://www.scipy.org

Magic v1.5.5 (van Dijk et al., 2018) https://github.com/

KrishnaswamyLab/MAGIC

Seaborn v0.9.0 (Waskom et al., 2021) https://seaborn.pydata.org/

STAR v2.5.1 (Dobin et al., 2013) https://github.com/alexdobin/

STAR

featureCounts v1.5.3 (Liao et al., 2014) http://subread.sourceforge.net/

DESeq2 (Love et al., 2014) https://github.com/mikelove/

DESeq2

clusterProfiler (Yu et al., 2012) http://bioconductor.org/

packages/clusterProfiler/
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RESOURCE AVAILABILITY

Lead contact
Further information and requests for materials should be addressed to: Bo Zhu (E-mail: bo.zhu@tmmu.edu.cn).

Materials availability
This study did not generate new unique reagents.

Data and code availability
The raw scRNA-seq data in the raw FASTQ format can be obtained fromGene Expression Omnibus (GEO) with an accession number

GSE201715; the processed data, analyses and visualization of scRNA-seq datasets can be performed at Mendeley data: https://doi.

org/10.17632/5ttrnmvjjx.4. Any additional information required to reanalyze the data reported in this work paper is available from the

Lead contact upon request.

METHOD DETAILS

Cell lines and cell culture
Lewis lung carcinoma (LLC), B16-F10 melanoma (B16-F10) cells were obtained from the American Type Culture Collection (ATCC).

MC38 cells were kindly provided by Liufu Deng (Shanghai Jiao Tong University). Cells were maintained in DMEM medium (Gibco,

#C11995500BT) supplemented with 10% fetal bovine serum (Gibco, #10099141C) and 100 units/ml penicillin/streptomycin (Gibco,

#15140122) in a 37�C incubator with 5% CO2. All cell lines were tested for mycoplasma contamination on a regular basis.

Human sample collection
Peripheral bloodwas collected from patients with advanced tumors and chronic renal failure with anemia. Malignant pleural effusions

(MPE) were collected from patients with advanced tumors; tuberculous pleural effusion (TPE) from patients diagnosed with tubercu-

lous pleuritis were used as a control. Bone marrow was collected from a bone-metastasis-free patient with advanced cervical car-

cinoma. All sample manipulations were undertaken in accordance with Xinqiao Hospital Medical Center Institutional Review Board

(IRB) approved protocols (#2013047 & #2018014), and written informed consent was provided by all patients. Clinical information for

all cancer patients included in this study is described in Table S1.

To determine clinical association between anemia and ICIs treatment outcomes, retrospective analysis was conducted on respon-

siveness to anti-PD-1/PD-L1monotherapy (regardless of line of treatment) in patientswith advancedNSCLCor othermixed solid tumor

types. Patients with advanced NSCLC were admitted to Shanghai Pulmonary Hospital, Tongji University, between January 2016 and

January 2019 with a pathologically confirmed diagnosis and evaluable data available for response assessment. Anti-PD-1/PD-L1 anti-

bodies used for treatment in this cohort included pembrolizumab (200 mg every 3 weeks), nivolumab (3 mg/kg body weight every
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2weeks), or camrelizumab (200mgevery 2weeks). Patientswith othermixedsolid tumor types (excludingNSCLC)were admitted to the

Second Affiliated Hospital of the Third Military Medical University between January 2018 and December 2019 with a pathologically

confirmed diagnosis and evaluable data available for response assessment. Anti-PD-1/PD-L1 antibodies including pembrolizumab,

nivolumab, camrelizumab, toripalimab, or sintilimab were used for treatment. To determine the clinical relevance between EDMCs

and responsiveness to ICIs, patients with mixed solid tumor types were admitted to the Second Affiliated Hospital of the Third Military

Medical University between October 2020 and March 2021 with a pathologically confirmed diagnosis and evaluable data available for

response assessment. Clinical characteristics and survival following up were summarized in Tables S2 and S3. These studies were

approved by the Ethics Committee of Shanghai Pulmonary Hospital, Tongji University School of Medicine and the Ethics Committee

of the Third Military Medical University.

Objective tumor responses were assessed by investigators according to Response Evaluation Criteria in Solid Tumors (RECIST)

version 1.1, including complete response, partial response, stable disease, or progressive disease. Overall survival (OS) was defined

as the time from diagnosis or ICIs treatment initiation to the time of death from any cause or last follow-up in surviving participants.

Progression-free survival (PFS) was calculated from the date of diagnosis or ICIs treatment initiation to the date of disease recur-

rence, second primary cancer, or death from any cause.

Mouse anemia and tumor models
C57BL/6 mice were purchased from the Chinese Academy of Medical Sciences (Beijing, China). CD45.1+ transgenic mice were

kindly provided by Dr. Bo Guo at Baoan Women’s and Children’s Hospital. MMTV-PyMT transgenic mice were kindly provided by

Dr. Xiaolong Liu at Chinese Academy of Sciences (Sun et al., 2014). All mice were housed and maintained under pathogen-free

conditions. Both male and female mice at 6–8 weeks were used for all studies unless otherwise indicated. To induce anemia,

C57BL/6 mice were intraperitoneally injected with 50 mg/kg phenylhydrazine hydrochloride solution in 200 mL PBS (Zhao et al.,

2018); three days later, spleen samples were harvested. MMTV-PyMT transgenic mice developed tumors at 12–13 weeks after

birth and exhibited moderate-to-severe anemia from 18 weeks of age. To establish subcutaneous tumor models, 13106 LLCs

or 2 3 105 B16-F10 cells were injected into the right flanks of C57BL/6 mice. Spleen, peripheral blood, and tumor tissue were

harvested and analyzed at the indicated time points. To establish the B16-F10 lung metastasis model, C57BL/6 mice were intra-

venously injected with 2 3 105 B16-F10 cells. For all suppressor cell experiments, tumor derived EDMCs or

Ter119�CD71�MDSCs (13106 cells in 200 mL PBS) were intravenously injected at days 0, 4, and 7 after tumor implantation.

For anti-PD-L1 treatment experiments, 53105 MC-38 cells were subcutaneously injected into C57BL/6 mice, on day 4 after tumor

implantation, treated with anti-PD-L1 antibody (200 mg) by intraperitoneal injection every three days for total of four doses. Mice

were transferred intravenously with 13106 purified EDMCs or Ter119�CD71�MDSCs every three days for total of four times. Tu-

mor size was measured every 2 days, and tumor volumes were calculated using V = ðlength 3 width2Þ
2 . Numbers of metastatic nodules

in lungs were measured at the time of euthanasia. All experimental manipulations received approval from the Institutional Animal

Care and Use Committee of the Third Military Medical University (animal production license number: SCXK-PLA-20120011, animal

use license number: SYXK-PLA-20120031).

Flow cytometry and cell sorting
Single-cell suspensions of spleen were prepared by pressing tissue though a 70 mm cell strainer or flushing using a syringe fol-

lowed by red blood cell lysis. Single-cell suspensions from tumor tissues were prepared by 30 min of enzymatic digestion using

1 mg/mL collagenase I in RPMI1640, then pressing tissue though a 70 mm cell strainer. For clinical samples, single-cell peripheral

blood suspensions and pleural effusions were prepared by centrifugation after red blood cell lysis. For FACS analysis and cell

sorting, single-cell suspensions were passed through a 40 mm cell strainer and re-suspended in staining buffer after washing

and centrifuging, and then labeled with the indicated antibodies for 30 min at 4�C. Antibodies used for flow cytometry: CD11b

(clone M1/70), Gr-1 (clone RB6-8C5), CD45 (clone 30-F11), CD38 (clone 90), CD49 (clone R1-2), iNOS (clone 4E5), ARG1 (clone

D4E3M), Ter-119 (clone Ter-119), CD71 (clone RI7217), CD8 (clone 53-6.7), CD45.1 (clone A20), PD-L1 (clone 10F.9G2), PD-L2

(clone TY25). Antibodies for human cell markers: CD11b (clone M1/70), HLA-DR (clone L243), CD33 (clone P67.6), CD235a (clone

HI264), CD71 (clone CY1G4), CD45 (clone HI30). All antibodies were purchased from BioLegend. Flow cytometry data was ac-

quired with a Beckman-Coulter Gallios flow cytometer and analyzed using FlowJo V10 Software. Cell sorting was performed

on a FACS AriaII sorter (BD Biosciences).

In vitro myeloid differentiation
Purified CD45+EPCs (excluding CD11b+C-kit+ cells) were collected from spleen of tumor-bearing mice, or from peripheral blood,

bone marrow, and MPE of patients with advanced tumors. Cells were cultured in RPMI1640 medium (Gibco, #C11875500BT) con-

taining 10% FBS supplemented with 10 ng/mL recombinant GM-CSF and IL-6 (Peprotech, #315-03) for 3 days. Then, cells were

collected and stained with the indicated antibodies, and CD11b+Gr-1+ (mouse samples) or CD33+CD11b+HLA-DR- (patient samples)

percentages were quantified by flow cytometry. For microscopic analysis, CD11b+Gr-1+ cells were sorted and cytospinned onto

microscopic glass slides, fixed in methanol for 15 min, and stained with Giemsa (BASO, #ZBS9-BA-4017) for 10 min at room tem-

perature. Slides were observed using an Olympus microscope.
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T cell suppression assay
Naive CD8+ T cells were isolated from C57BL/6 mouse splenocytes using an EasySep mouse naive CD8+ T cell isolation kit

(STEMCELL, #18953), then stained with 5 mM carboxyfluorescein diacetate succinimidyl ester (CFSE; Biolegend, #423801) accord-

ing to the manufacturer’s instructions. CFSE-labeled cells were seeded onto 96-well plates coated with 1 mg/mL anti-CD3

(BioLegend, #100304) and 1 mg/mL anti-CD28 (BioLegend, #102104), and cocultured with CD45+EPCs differentiated MDSCs, or

tumor tissue isolated EDMCs or Ter119�CD71�MDSCs at the indicated ratios. After 3 days, cells were stained with the indicated

antibodies, and CFSE labeling of gated lymphocytes was analyzed by FACS.

In vivo differentiation assay
CD11b�C-kit-CD45+ EPCs were isolated from spleens of CD45.1+ tumor-bearing or tumor-free mice as described above. Then,

13106 purified cells were intravenously injected into CD45.2+ tumor-free or tumor-bearing mice. After 5 days, mice were sacrificed

and CD45.1+ cells were analyzed by flow cytometry using the indicated antibodies.

Immunofluorescence
Tumor tissues from patients with treatment-naive lung cancer (stage III/IV) were cut into 6 mm sections, fixed with ice-cold 4% para-

formaldehyde for 20 min, blocked with 5% BSA for 20 min at room temperature, and then incubated with specific antibodies against

humanCD33 (1:100,monoclonal, Abcam, #ab213050) and humanCD235a (1:100, monoclonal, NSJBIO, #V7275-20UG) overnight in

the dark at 4�C. After three washes, slides were incubated with FITC-conjugated or 647-conjugated anti-IgG (1:200, Beyotime

Biotechnology, #A0568, #A0468) for 30 min at room temperature. Nuclei were stained with DAPI. Slides were visualized using an

Olympus confocal microscope.

Single-cell RNA library preparation
Ter119+CD71+ splenic cells from anemicmice (A-EPCs), splenic CD45+Ter119+CD71+CD11b�C-kit- cells (T-EPCs), and intratumoral

CD45+Ter119+CD71+CD11b+Gr1+ (EDMCs) and CD11b+Gr-1+ (MDSCs) from mice bearing late-stage tumors were sorted as

described above. For patient samples, CD235a+ bone marrow cells from bone-metastasis-free patients with advanced tumors, or

CD45+CD235a+CD71+ cells from MPE were sorted, as indicated. A total of approximately 13106 sorted cells were loaded onto a

10x Genomics Chromium instrument according to the manufacturer’s protocol. Libraries were constructed using a Chromium Single

Cell 30 v1 Chemistry kit (10x Genomics), and sequenced using an Illumina HiSeq 2,500 platform.

scRNA-seq data preprocessing
For mouse data, raw base calls were first demultiplexed and converted to FASTQ format using the Mkfastq module implemented in

Cell Ranger v2.0.2 software (available at support.10xgenomics.com/single-cell-gene-expression/software/pipelines/latest/installa-

tion). Cell Ranger was also applied to perform cell demultiplexing, barcode counting, filtering, and alignment. Mouse genome

GRCm38/mm10 was set as a reference during the alignment. The R Seurat v2.3.4 (Butler et al., 2018) package was used for quality

control, pre-processing, clustering, and visualization. We filtered out low-quality cells, including those with <200 expressed genes,

>5% mitochondrial genes, and >6,000 expressed genes. Gene counts for each cell were then normalized to total expression and

proportion of mitochondrial genes, multiplied by a scaling factor of 10,000, and log-transformed. High dimension count matrices

for each dataset were reduced using principal-component analysis (PCA) and t-distributed stochastics neighbor embedding (t-

SNE). Top 30 PCAwere selected for further analysis. The FindClusters function from Seurat was used to identify clusters in individual

sample with a resolution of 0.6. Cluster-specific expressed markers were identified using the FindAllMarkers function, which was

further used to annotate each cluster.

For human data, droplet-based sequencing data from 10x Genomics were aligned and quantified against the GRCh38 human

reference genome using the Cell Ranger v3.0. The filtered count matrix generated by Cell Ranger was used for downstream analysis.

To remove potential doublets, cells with UMI counts above 10,000 were also filtered out. We also removed low-quality cells with less

than 1000 UMI counts, 100 detected genes and more than 5%mitochondrial gene counts. Seurat v3.4 was used for cell filtering and

subsequent analysis. Filtered data were normalized using the Normalize Data function with a scaling factor of 1,000,000. The top

2000 highly variable genes (HVGs) were selected using the Find Variable Features function with vst method. PCA was performed

based on the highly variable genes and the optimized number of PCs were selected based on ElbowPlot and DimHeatmap for further

clustering. To cluster cells, FindNeighbors and FindClusters functions were used with 10 PCs and 0.01 resolution. Non-linear dimen-

sional reduction technique, UMAP was used to visualize the results. Gene markers of each cluster were identified using the

FindAllMarkers function. To validate the myeloid cluster, the ssGSEA score of each cell was calculated using the gsva function

from GSVA R package based on myeloid and MDSC (Charoentong et al., 2017) gene sets.

Integration analysis of multiple mouse scRNA-seq datasets
To obtain a global pattern of four sorted populations, we used the Seurat canonical correlation analysis (CCA) method to align cells

from all sorted populations. CCA uses linear combinations of features and finds a common correlation structure among different sam-

ples. Cross-sample variations and batch effects are therefore accounted for among the different datasets. The top 3000 common

genes were applied to CCA integration. Next, the high dimensionality was projected onto a 2D space using Scanpy UMAP functions.
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We applied a recently developed algorithm, partition-based graph abstraction (PAGA) (Wolf et al., 2019), to visualize the lineage rela-

tionship of all identified cell subpopulations. This method accounts for pseudo-temporal order and principles of clustering.

Cluster annotation of mouse data
We used two methods to define and annotate clusters. First, we used the FindAllMarkers function from Seurat to obtain differentially

expressed genes in each cluster against all remnant clusters. Second, we used previously established markers to define cell types

and lineages as follows:Gata1 andGata2were used to define the early erythroid lineage;Hbb-bs,Hbb-a1,Hbb-a2,Hemgn, andSox6

were used for differentiated red blood cells; Cd68, Cflar, and Lyz2were used for the monocyte lineage; Cd11c, Dc-sign, and Zbtb46

were used for DCs; and Lrg1, Stfa211, and Wfdc21 were used for the neutrophil lineage.

Pseudotime and branching analysis
For mouse data, pooled single cell gene expression from four sorted populations were used for diffusion and pseudotime analysis

with Palantir v0.2.1 (Setty et al., 2019). Raw counts were first filtered using cells bearing >1,000 molecules and genes present in >10

cells, and then were normalized and log-transformed. The top 50 principal components were retained for analysis. Diffusion maps

were calculated using the first five components. Pseudotime and branch probability were estimated using the 50 nearest neighbors

and 500 waypoints. A cell with highly expressed Ly6awas chosen as the root cell for pseudotime and branching probability analysis.

Gene expression visualization was plotted based on imputed counts from Magic v1.5 (van Dijk et al., 2018).

For human CD235A + data, Monocle v2 (Qiu et al., 2017) was used to illustrate the cell state transition. Briefly, we used UMI count

matrices and the negbinomial size parameter to create a CellDataSet object. Then, features with mean expression >0.01 were used

for trajectory reconstruction. Dimensional reduction and cell ordering were estimated using the DDRTree method and the order Cells

function.

EDMCs marker identification
To identify EDMCs markers, DEGs were first calculated using the FindMarkers function between myeloid and non-myeloid cells.

Then, a published dataset containing scRNA-seq data and clustering information was used as a reference (Kim et al., 2020). These

two datasets were then merged using the Integrate Data function with SCT normalization and 3000 anchor genes. DEGs between

erythro-myeloid and common myeloid cells were calculated as well. EDMCs markers were defined as genes which meet criteria:

1) percentage (erythro-myeloid from MPE-donor) – percentage (erythro-non-myeloid from MPE-donor) > 50%; 2) percentage (er-

ythro-myeloid from MPE-donor)–percentage (myeloid in Kim dataset) >50%. ‘‘Percentage (population)’’ defined as the percentage

of positive cells in the population for one gene.

EDMCs marker validation
A public scRNA-seq dataset (Yost et al., 2019) containing CD45+ immune cells, tumor-associated fibroblasts, and tumor cells was

integrated using the Integrate Data function. HGVs were selected using the FindVariableFeatures function with average gene expres-

sion >0.1 and dispersion >1 based on normalization data. After removing immunoglobin and TCR genes, remaining HGVs were

defined as the anchor set. EDMCs score was calculated for each cell of integration dataset from R GSVA package with ssGSEA

method based on EDMCs markers. EDMCs score distribution was visualized using the RidgePlot function.

In addition to the Yost dataset, six other public scRNA-seq datasets were processed independently for further validation (Gide

et al., 2019; Hugo et al., 2016; Mariathasan et al., 2018; Pender et al., 2021; Riaz et al., 2017; Van Allen et al., 2015). Using cell co-

ordinates and cluster information provided by the Yost dataset, EDMCs scores were calculated as described above. For other data-

sets, cells were re-clustered as described above using 20 PCs and EDMCs scores were calculated as described above and visual-

ized using UMAP plot.

Tumor microenvironment analysis
Bulk RNA-seq data from 10,148 cases comprising 33 tumor types were downloaded from TheCancer GenomeAtlas (TCGA). EDMCs

scores were calculated using gsva function as described above for each case, and exhausted CD8+ T cell scores were calculated

based on two published gene sets (Abbas et al., 2009; Guo et al., 2018). Correlation between EDMCs scores and PD-L1, Cybb,

CD8+ T-cells, and T-cell exhaustion were estimated using Pearson correlation coefficient. The Xinqiao cohort, which contains 171

patients with NSCLC, was used to calculate EDMCs scores. Correlation between EDMCs score and immunohistochemistry-based

PD-L1 expression was estimated as described above.

To investigate the association between EDMCs infiltration and an immuno-suppressive microenvironment, six public ICIs-treated

cohorts (glioblastoma patients treated with anti-PD-1 or anti-PD-1/CTLA-4 antibodies, melanoma patients treated with anti-PD-1 or

anti-CTLA-4 antibodies, bladder carcinoma patients treated with anti-PD-L1 antibodies, and patients with mixed tumor types and

treated with immuno-monotherapy or combined with chemotherapies) (Gide et al., 2019; Hugo et al., 2016; Mariathasan et al.,

2018; Pender et al., 2021; Riaz et al., 2017; Van Allen et al., 2015), containing 620 total patients were retrieved to calculate

EDMCs scores as described above. EDMCs scores were linear normalized into a range of 0-1, with 0.5 serving as a threshold to clas-

sify patients into two groups (EDMCs high and EDMCs low). Using a defined immunosuppressive tumor microenvironment (TME)

gene set composed of 28 genes (Cui et al., 2021), quantitative scoring system was used to categorize patients from six cohorts

into two groups: immunosuppressive TME and un-immunosuppressive TME (Luke et al., 2019). The summation score across all
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28 genes ranged from �28 to +28, where scores>14 were categorized as immunosuppressive TMEs, while others were categorized

as un-immunosuppressive TMEs.

Survival analysis
MDSC, activated CD8+ T-cell, and Treg scores were calculated as described above based on published gene sets (Charoentong

et al., 2017). Patients were grouped usingmedian as a threshold based on their ratios of EDMCs,MDSC, and Treg scores to activated

CD8+ T-cells. The summarized group information for each cohort was defined as the pooled cohort. Survival was estimated by Ka-

plan-Meier analysis with p values determined by a log-rank test. HRs were determined using univariable Cox regression.

Statistical analysis
Statistical analyseswere conducted using Prism 7.0 (GraphPad). Two-tailed unpaired Student’s t-test with 95%confidence intervals,

one-way ANOVA, or two-way ANOVA were used to compare two or more groups, as indicated. All experiments were independently

repeated at least three times. Statistical significance was set at p < 0.05.
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