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SUMMARY
The roles of tumor-associated macrophages (TAMs) and circulating monocytes in human cancer are poorly
understood. Here, we show that monocyte subpopulation distribution and transcriptomes are significantly
altered by the presence of endometrial and breast cancer. Furthermore, TAMs from endometrial and breast
cancers are transcriptionally distinct from monocytes and their respective tissue-resident macrophages.
We identified a breast TAM signature that is highly enriched in aggressive breast cancer subtypes and
associated with shorter disease-specific survival. We also identified an auto-regulatory loop between
TAMs and cancer cells driven by tumor necrosis factor alpha involving SIGLEC1 and CCL8, which is self-
reinforcing through the production of CSF1. Together these data provide direct evidence that monocyte
and macrophage transcriptional landscapes are perturbed by cancer, reflecting patient outcomes.
INTRODUCTION

Tumors evolve as ecosystems consisting of tumor, stromal,

and infiltrating immune cells. Macrophages are major compo-

nents of this ecosystem. In mouse models, different subpopu-
Significance

Human breast and endometrial cancer systemically alter circ
signature recognizing cancer was determined. Cancer locally
they are different from monocytes, from tissue-resident macr
signature’’ derived from breast cancer TAMs is prognostic for p
fromwhole tumors. Breast cancer TAMs express CCL8, which i
loop between cancer cells and TAMs throughCSF1 and TNF-a,
together are independent prognostic markers for poor survival
could be of therapeutic benefit.

588 Cancer Cell 35, 588–602, April 15, 2019 ª 2019 The Author(s). Pu
This is an open access article under the CC BY license (http://creative
lations of tumor-associated macrophages (TAMs) promote

angiogenesis, tumor cell invasion, intravasation, and, at the

metastatic site, tumor cell extravasation and persistent growth,

and suppress cytolytic T cell responses (Cassetta and Pollard,

2018). In homeostasis, tissue macrophages have different
ulating monocytes and, from these cells, a transcriptional
educates tumor-associated macrophages (TAMs) such that
ophages, and from each other. A ‘‘cancer-specific immune
oor disease-specific survival in publically available datasets
s chemotactic formonocytes and drives a positive regulatory
which upregulates SIGLEC1.SIGLEC1 andCCL8 expression
. These data suggest that cancer-specific targeting of TAMs

blished by Elsevier Inc.
commons.org/licenses/by/4.0/).
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Figure 1. Cancer Alters the Transcriptome of Human Monocytes
(A) Principal-component analysis (PCA) plot of n = 12,157 genes expressed in monocytes from healthy individuals (Mo) (n = 45) and TEMo from cancer patients

(n = 35; breast cancer [BrCa] = 32; endometrial cancer [EnCa] = 3).

(B) Hierarchical clustering of all differentially expressed genes (DEGs) between Mo and TEMo. Expression values are Z score transformed. Samples were

clustered using complete linkage and Euclidean distance.

(C) Gene ontology (GO) analysis of DEGs between TEMo and Mo (blue, downregulated genes; red, upregulated genes).

(D) Bar plot of selected DEGs in TEMo (FDR <= 0.05).

(E) Expression of CD200R1, TNFSF10, HGF, and ANGPT1 mRNA in Mo and breast TEMo (n = 3–5; independent from the RNA-seq cohort).

(F) Relative distribution of non-classical monocytes from healthy controls and BrCa and EnCa patients determined by flow cytometry shown as percentage in the

monocyte gate. Cohort 1: Mo, n = 31, BrCa TEMo, n = 22, EnCa TEMo, n = 12. Cohort 2, BrCa and controls only: Mo, n = 18, TEMo, n = 33.

(G) ELISA quantification of CX3CL1 and CCL2 levels in the sera of control (CTR) (n = 15) and BrCa patients (n = 45).

(H) Expression of CX3CR1 and CCR2 in Mo (n = 10) and breast TEMo (n = 31). Data are expressed as geometric mean (Geo mean).

(legend continued on next page)
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origins; however, in most cancer models, TAMs are recruited

from bone marrow progenitors known as monocytes (Arwert

et al., 2018; Franklin et al., 2014; Qian et al., 2011). These mono-

cytes are termed classical (human CD14++CD16� and mouse

CD11b+Ly6C+) and non-classical (human CD14+CD16+; mouse

CD11b+Ly6C�). The classical population is recruited as the tumor

progresses and differentiates in situ to TAMs, often via a CCL2-

CCR2 chemokine signaling pathway. Inhibition of CCR2 signaling

blocks TAM recruitment and thus inhibits tumor cell seeding

and persistent growth, improving the survival of mice (Qian

et al., 2011).

The pro-tumoral behavior of monocytes and TAMs in mouse

models has made them attractive therapeutic targets. Target-

ing strategies include inhibiting monocyte recruitment,

depletion of TAMs, and functional/phenotypic reprogramming

(Cassetta and Pollard, 2018). These therapies, however, are

limited by the lack of TAM-specific markers (Williams et al.,

2016), as well as our limited understanding of their functions

in human cancers (Takeya and Komohara, 2016). We hypoth-

esize that human breast and endometrial cancer will have

a significant impact on circulating monocytes and their prog-

eny TAMs, which will indicate signaling pathways, thera-

peutic and diagnostic approaches, as well as prognostic

biomarkers.

RESULTS

Cancer Alters the Transcriptome of Human Monocytes
We performed bulk RNA sequencing (RNA-seq) on total mono-

cytes isolated from women with breast (n = 32) or endometrial

(n = 3) cancer and from healthy controls (n = 45) and (Figures

S1A and S1B). Although there are outliers, principal-component

analysis (PCA) and hierarchical clustering segregated the tran-

scriptomic profiles of normal monocytes (Mo) from breast or

endometrial cancer patient monocytes (Figures 1A and 1B).

Thus, we designated cancer monocytes as tumor-educated

monocytes (TEMo). Limma differential expression analysis

(DEA) revealed 865 differentially expressed genes (DEGs) in

breast TEMo compared with Mo (543 upregulated and 322

downregulated; false discovery rate [FDR] % 0.05, Table S1)

and 997 DEGs in endometrial TEMo compared with Mo (498

upregulated and 499 downregulated; FDR % 0.05, Table S1).

Because of the limited size of endometrial TEMo samples, we

focused our downstream analysis on the breast TEMo. Gene

ontology (GO) analysis reported a number of enriched terms,

such as cell migration, angiogenesis, cell communication, and

apoptotic process (Figure 1C). A number of genes encoding

transmembrane receptors, soluble factors, transcription factors,

and enzymes were deregulated, including increased expres-

sion of transcripts encoding immune regulatory receptors

(CD200R1), pro-apoptoticmolecules (TNFSF10), and pro-angio-

genic factors (HGF and ANGPT1) (Figure 1D). qRT-PCR of
(I and J) Confusion matrix (I) and summary of results of Recursive Feature Elimina

breast TEMo (J).

(K) Receiver operating characteristic curves of RFE-RF classification in the traini

(E and H) Data depicted as means ± SEM; (F and G) horizontal bars represent the m

***p < 0.0001.

See also Figure S1 and Table S1.
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monocytic RNA derived from an independent breast cancer

cohort confirmed significant increased expression of these

genes (Figure 1E).

To understand if this shift in TEMo transcriptomes was driven

by a specific subpopulation, we analyzed classical and non-

classical monocytes from two independent cancer cohorts as

well as healthy women (Figures 1F and S1C–S1E; Table S1).

Non-classical monocytes from cancer patients exhibited a

significant expansion compared with healthy controls in both

cohorts without significant differences between endometrial

and breast cancer patients (Figure 1F). This expansion was

associated with a significant increase in CX3CL1 and reduction

of CCL2 in cancer patients’ sera (Figure 1G). The expression

level of the main receptor of CCL2, CCR2, did not change

among subpopulations and conditions, although CX3CR1, the

CX3CL1 receptor, was significantly downregulated in classical

monocytes from cancer patients compared with controls,

consistent with the alterations in monocytic populations (Fig-

ure 1H). We isolated non-classical monocytes from 13 cancer

patients (n = 6 breast and n = 7 endometrial) and 5 healthy

women, and performed RNA-seq. PCA and hierarchical clus-

tering revealed distinct non-classical monocyte clusters in

cancer patients versus healthy volunteers (Figure S1F). Limma

DEA revealed 139 DEGs in non-classical monocytes from

breast cancer patients compared with healthy individuals (103

upregulated and 36 downregulated; FDR % 0.05, Table S1).

Similarly, we identified 576 DEGs in non-classical monocytes

in endometrial cancer patients compared with healthy individ-

uals (501 upregulated and 75 downregulated; FDR% 0.05, Ta-

ble S1). Hierarchical clustering showed similar patterns of gene

expression changes in non-classical monocytes from women

with breast and endometrial cancer compared with healthy

women (Figure S1G).

Given the significant transcriptional differences in monocytes

between cancer patients and healthy volunteers, we hypothe-

sized that a TEMo signature from a liquid biopsy with minimal

processing could be generated for breast cancer detection.

We tested this hypothesis using total monocytes and a Recur-

sive Feature Elimination with a Random Forest algorithm. The

dataset was split into training (70%, n = 55, 32 healthy individ-

uals, 23 cancer patients) and testing sets (30%, n = 22, 13

healthy individuals, 9 cancer patients). In the training set, the

algorithm selected 17 highest performing genes that yielded

an average of 85% accuracy, 88% sensitivity, and 83% spec-

ificity during cross-validation (Figure S1H; Table S1). Subse-

quent validation using the test set yielded 82% accuracy,

100% sensitivity, and 69% specificity (Figures 1I and 1J) and

area under curve of 96% to detect cancer (Figure 1K). In

contrast, random classifiers, as determined by 1,000 rounds

of random class permutations during model training, had no

predictive power (mean accuracy: 53%, SD ± 6.8%, p =

0.001) (Figure S1I).
tion with Random Forest (RFE-RF) classification on the testing set (n = 22) for

ng and test set.

ean of the individual values ± SD; (E–H) Student’s t test; *p < 0.01, **p < 0.001,
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Figure 2. TAMs from Breast and Endometrial Cancers Exhibit Cancer-Specific Transcriptional Profiles

(A) PCA plot of n = 13,668 genes expressed in breast tissue-resident macrophages (Br-RM) (n = 4) and breast cancer TAMs (Br-TAM) (n = 4).

(B) Hierarchical clustering of all DEGs between Br-RM and Br-TAM. Expression values are Z score transformed and samples clustered using complete linkage

and Euclidean distance.

(C) GO analysis of DEGs between Br-TAM and Br-RM (blue, downregulated genes; red, upregulated genes).

(D) Bar plot of selected DEGs in Br-TAM (FDR % 0.05).

(E) Venn diagram of commonly regulated transcripts in Br-TAM and TEMo (red, upregulated; blue, downregulated).

(F) PCA plot of n = 13,739 genes expressed in endometrial tissue-resident macrophages (En-RM) (n = 5) from healthy individuals and endometrial cancer TAMs

(En-TAM) (n = 9).

(G) Hierarchical clustering of all DEGs between En-RM and En-TAM. Expression values are Z score-transformed and samples clustered using complete linkage

and Euclidean distance.

(legend continued on next page)
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Gene Expression Profiles of TAMs in Human Breast and
Endometrial Cancers
There is significant evidence showing pro-tumoral profiles of

TAMs in mouse models of cancer; however, a detailed charac-

terization of their transcriptomes and phenotypes in human

cancers is lacking. Thus, we analyzed TAM transcriptomes by

RNA-seq from breast and endometrial cancer in comparison

with resident macrophages from homeostatic tissue after fluo-

rescence-activated cell sorting (Figure S2A). PCA and hierarchi-

cal clustering revealed distinct clusters of breast tissue-resident

macrophages (Br-RM) and breast cancer TAMs (Br-TAM) (Fig-

ures 2A and 2B). Limma DEA revealed 1,873 DEGs in Br-TAM

compared with Br-RM (1,301 upregulated and 572 downregu-

lated; FDR % 0.05, Table S2). GO analysis reported enriched

GO terms, such as cell motility and activation, vasculature devel-

opment, and immune response (Figure 2C). Br-TAM showed

increased transcript abundance of genes encoding transmem-

brane receptors associated with immune cell activation and

antigen presentation, such as major histocompatibility complex

class II molecules, Fc receptors, T cell co-stimulatory molecules,

Toll-like receptors, and immunoglobulin receptor superfamilies

(Figure 2D). Although in mice CD163 is often referred to as a

TAM marker, we did not observe a significant difference in

CD163 expression between Br-RM and Br-TAM (Figure S2B).

Comparison of DEGs between breast TEMo and Br-TAM

showed minimal overlap (Figure 2E).

PCA and hierarchical clustering revealed distinct clusters of

endometrial tissue-resident macrophages (En-RM) and endo-

metrial cancer TAMs (En-TAM) (Figures 2F and 2G). Limma

DEA between En-RM and En-TAM identified 831 DEGs (115 up-

regulated and 716 downregulated; FDR % 0.05, Table S2). GO

analysis reported enriched GO terms, such as phagocytosis,

immune response, cell communication, and blood vessel devel-

opment (Figure 2H). In addition, a number of genes encoding

transmembrane receptors, soluble factors, and enzymes were

differentially expressed; the scavenger receptors MARCO,

TREM1, FCG2RB, and IL21RG were upregulated in En-TAM

compared with En-RM (Figure 2I). Similar to that found in breast

cancer, En-TAMs have minimal similarity to endometrial TEMo

(Figure 2J).

To better understand TAMs in different cancer types,

we compared the gene expression profiles of Br-TAM and

En-TAM. PCA and hierarchical clustering revealed two distinct

groups (Figure S2C) with very few DEGs commonly deregulated

(18 upregulated and 35 downregulated, Figure 2K; Table S2),

indicating that breast and endometrial cancers activate cancer

tissue-specific transcriptional profiles in TAMs. Resident macro-

phages from endometrial and breast tissue also exhibited a

distinct transcriptional profile confirming the diversity of tissue

macrophage phenotypes in homeostatic states (Figure S2D).

Macrophages exhibit distinct phenotypes and have been clas-

sified into two alternative polarization states, referred to as ‘‘M1’’

and ‘‘M2,’’ with the latter being immune suppressive and pro-

tumoral (Martinez et al., 2006). To determine whether these
(H) GO analysis of DEGs between En-TAM and En-RM (blue, downregulated gen

(I) Bar plot of selected DEGs in En-TAM (FDR % 0.05).

(J and K) Venn diagram of commonly regulated transcripts between En-TAM and

See also Figure S2, and Table S2.
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polarization states exist within human En- and Br-TAM, we per-

formed gene set enrichment analysis using the M1/M2 signature

as proposed by Martinez et al. (Table S2). Neither Br- nor

En-TAM showed a preferential enrichment for M2-associated

genes, supporting the idea that TAM phenotypes are much

more complex and cannot be categorized into binary states (Fig-

ures S2E and S2F). Similarly, canonical markers for M2 that have

been identified in mice, such as Arg1 (arginase-1), were mini-

mally, and not differentially, expressed in either Br- or En-TAM

(Table S2).

TAM Gene Signature Is Enriched in Aggressive Breast
Cancer Tumors
Increased density of TAMs has been associated with poor clin-

ical outcomes in many human cancers (Yang et al., 2018).

Importantly, studies using transcriptomic datasets have identi-

fied immune cell-specific gene sets to deconvolute the tumor

microenvironment and its role in cancer progression (Charoen-

tong et al., 2017; Gentles et al., 2015). Taking advantage of a

previously defined and validated compendium of immune cells

(Bindea et al., 2013; Tamborero et al., 2018), we sought to iden-

tify a TAM-specific immune signature. We focused on Br-TAM,

as breast cancer has a greater number of in-depth studies pub-

lished. We selected upregulated genes in Br-TAM compared

with Br-RM (Log2FC > 3, FDR % 0.05) that were also highly

co-expressed in theMETABRIC cohort (Curtis et al., 2012), while

filtering out genes belonging to other immune cell types (Tam-

borero et al., 2018), or those expressed by cancer cells

(Table S3). As a result, we identified a 37-gene TAM signature

(Table S3). We then performed whole-tumor RNA-seq on an in-

dependent cohort of 47 breast cancer patients (cohort 3, Table

S3) and evaluated the expression of our TAM signature on this

dataset. Colony-stimulating factor 1 (CSF1) is the major macro-

phage growth factor regulating their survival, differentiation and

proliferation. A previous study of breast cancer defined a

112-gene CSF1 response signature associated with higher

tumor grade, decreased expression of estrogen receptor (ER)

and progesterone receptor (PR), and higher mutation rate

(Beck et al., 2009). Using this CSF1 response signature, we strat-

ified our dataset into CSF1-high, CSF1-mid, and CSF1-low

groups then evaluated the TAM signature expression (TAM

signature score). Results indicated that the CSF1-high group

had a significantly higher TAM signature score compared with

CSF1-mid and CSF1-low groups, suggesting that TAMs are

associated with more aggressive tumors (Figure 3A). We then

assigned these samples to breast cancer molecular subtypes

based on the PAM50 classification (Parker et al., 2009), with

the TAM signature showing significantly higher expression in

human epidermal growth factor receptor 2 (Her2) compared

with luminal A or B samples (p = 0.02) (Figure 3B).

We investigated whether the identified TAM signature was

associated with clinical outcome in the METABRIC cohort. We

observed a higher expression of the TAM signature in basal,

claudin-low, Her2, and luminal B compared with luminal A
es; red, upregulated genes).

TEMo (J) and En-TAM and Br-TAM (red, upregulated; blue, downregulated) (K).
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Figure 3. Breast TAM Signature Is Associ-

ated with Clinical Outcomes

(A and B) Boxplot showing TAM signature score

stratified by the CSF1 signature (A) and across

breast cancer subtypes in cohort 3 (n = 47) (B).

(C) TAM signature score across PAM50 molecular

subtypes in the METABRIC cohort (n = 1,350).

(D) Disease-specific survival of the METABRIC

cohort according to the TAM signature expression.

Boxplots depict the first and third quartiles, with the

median shown as a solid line inside the box and

whiskers extending to 1.5 interquartile range from

first and third quartiles.

(A–C) One-way ANOVA with Tukey’s post hoc

multiple comparisons test (***p < 0.0001). (D) The

p value is based on the Wald test.

See also Table S3.
tumors, again showing an association of the TAM signature with

more aggressive tumors (Figure 3C). Consistent with these data,

high expression of the TAM signature was significantly associ-

ated with shorter disease-specific survival (DSS) (Figure 3D). A

previously reported macrophage immune signature (Bindea

et al., 2013; Tamborero et al., 2018), consisting mainly of lineage

markers, showed a similar trend of high expression in aggressive

tumors, but was not significantly associated with DSS (hazard

ratio [HR] = 1.17, p = 0.1, Table S3). Taken together, these results

suggest a positive association of unique populations of TAMs

with poor clinical outcomes and more aggressive breast

cancers.

Identification of Breast TAM Markers
One of the main limitations of targeting TAMs for therapeutic

approaches is the lack of reliable and specific markers. To

address this, we selected genes encoding transmembrane

receptors in our TAM signature. We selected SIGLEC1, which

encodes CD169, as it was one of the top upregulated genes in

Br-TAM compared with Br-RM (Log2FC = 7.2, FDR = 0.0017)

and it was also correlated with expression of the pan-macro-

phage marker CD163 (Figure 4A). In the METABRIC cohort, uni-

variate analysis showed that SIGLEC1 high expression was

significantly associated with shorter DSS (Figure 4B; Table S4).

Consistent with this, in Cox multivariate analysis after adjusting

for clinical parameters such as ER, PR, Her2, grade, and tumor

size, SIGLEC1 high expression was independently significantly

associated with shorter DSS (HR = 1.42, p = 1.85 3 10�0.4,

Table S4). Validation by qPCR confirmed the significant upregu-

lation of SIGLEC1 mRNA observed in the RNA-seq analysis

(Figure 4C). Furthermore, SIGLEC1 showed significantly higher

expression in breast tumor stroma compared with normal breast

stroma (Figure 4D).

We used multicolor flow cytometric analysis to determine

SIGLEC1 expression at the protein level in an independent
cohort of breast cancer patients and found

that SIGLEC1 was expressed on Br-TAM,

but not on other immune cells or CD45�

non-immune cells, indicating specificity

to macrophages/TAMs (Figures S3A and

S3B). In the circulation, classical and
non-classical monocytes (Figures S3C and S3D), but not granu-

locytes (Figures S3E and S3F), exhibited low expression of

SIGLEC1, with no difference between cancer and non-cancer

patients. Having established that SIGLEC1 is significantly ex-

pressed only by Br-TAM, we performed immunofluorescent

staining using anti-SIGLEC1 and anti-CD163 antibodies on

tissue biopsies from patients with invasive breast cancer and

benign lesions (Figure 4E). Using machine-learning image anal-

ysis for unbiased quantification, we were able to segment and

classify CD163 and SIGLEC1 single- and double-positive popu-

lations and determine their numbers within whole and sub-

regions of the tissue sections. Cancer tissues had higher

numbers of macrophages per mm2 tissue area, and a higher

percentage of SIGLEC1+ cells compared with benign tissue

(Figure 4F); results that were further confirmed by confocal mi-

croscopy of the stained sections (Figure S3G). These results

indicate that SIGLEC1 is a human breast TAM-associated

marker.

SIGLEC1+ Macrophages Accumulate in Basal and Her2
Breast Cancers
To investigate expression of SIGLEC1 in different breast cancer

subtypes we performed multiplex immunohistochemistry (Tsuji-

kawaet al., 2017) on breast cancer tissues that had been indepen-

dently acquired from cohort 3. Using image cytometry we identi-

fied three distinct Br-TAM subtypes (CSFR1+CCR2�CD68+

CD163+SIGLEC1�, CSFR1+CCR2�CD68+CD163+SIGLEC1+, and
CSFR1+CCR2�CD68+CD163�SIGLEC1+, Figure S4A) confirm-

ing results reported in Figure 4F. Quantification of these three

Br-TAM populations revealed enrichment in basal tumors

compared with Her2 and luminal subtypes, while the three

subsets were almost absent in tissues from prophylactic mas-

tectomies (Figures S4B and S4C). This is consistent with the

increased expression of the TAM signature in aggressive breast

tumors at the mRNA level.
Cancer Cell 35, 588–602, April 15, 2019 593
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Figure 4. Breast TAM Transcriptomes Are Associated with Clinical Outcomes and Reveal TAM-Specific Markers

(A) Scatterplot showing Pearson’s correlation betweenCD163 and SIGLEC1 expression in the METABRIC cohort. Red line indicates local regression (LOESS) fit.

(B) Disease-specific survival according to the mRNA level of SIGLEC1 in the METABRIC cohort.

(C) Expression of SIGLEC1 mRNA in Br-RM (n = 4) and Br-TAM (n = 6).

(D and E) SIGLEC1 expression in the Finak et al. (2008) dataset (left) and the Karnoub et al. (2007) dataset (right). Expression calculated from the median centered

normalized values. The p values were estimated using aWilcoxon rank-sum test. Boxplots depict the first and third quartiles, with themedian shown as a solid line

inside the box and whiskers extending to 1.5 interquartile range from first and third quartiles (D). Data points beyond the limit of lines represent outliers (black

dots). CD163 and SIGLEC1 immunofluorescent (IF) staining (n = 5) (E). Stains from cancer (top) and benign sample (bottom) are shown representative of n = 12

independent tumors analyzed. Single channels and merge are shown. Inset representing a double-positive SIGLEC1 and CD163 macrophage (top) and a

single-positive CD163 macrophage (bottom). Scale bars, 50 mm, and 5 mm (inset).

(legend continued on next page)
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Next, we investigated the regulation of SIGLEC1 expression

in human macrophages using human monocyte-derived mac-

rophages (MDMs), induced pluripotent stem cell (iPSC)-derived

macrophages (iPSDM), and THP1 cells differentiated into mac-

rophages using phorbol-12-myristate-13-acetate (PMA-THP1).

All three were exposed to conditionedmedium (CM) from triple-

negative breast cancer cell lines MDA-MB-231 and MDA-MB-

468 (Neve et al., 2006). CM from both cell lines increased

expression ofSIGLEC1mRNA inMDMand PMA-THP1 (Figures

4G and 4H). In addition, CM enhanced SIGLEC1 protein

expression on the cell surface of iPSDM (Figures 4I and 4J).

To further investigate the stimulus generated by cancer cells,

we stimulated PMA-THP1with a panel of pro- and anti-inflamma-

tory cytokines and measured SIGLEC1 mRNA expression by

qPCR. The inflammatory mediator positive control, lipopolysac-

charides, and the pro-inflammatory cytokine, tumor necrosis fac-

tor alpha (TNF-a), were the main modulators of SIGLEC1 expres-

sion, while interleukin 1b (IL-1b) and interferon g produced a

modest effect (Figure S4D). Conversely, anti-inflammatory

cytokines did not affect SIGLEC1 expression in a significant

way, except for a downregulation after combined exposure with

IL-4 and transforming growth factor b (Figure S4D). We tested if

cancer cells produce TNF-a, by ELISA of MDA-MB-231 and

MDA-MB-468CM,butdid not detect significant levels (Figure4K).

In contrast, qPCR analysis indicated a significant upregulation of

TNFA mRNA in Br-TAM compared with Br-RM (Figure 4L).

Consistent with this elevated expression in Br-TAM, MDM, and

iPSDM, incubated with either MDA-MB-231 or MDA-MB-468

CM, produced significantly higher levels of TNF-a compared

with untreated controls at the protein level (Figures 4K and 4M;

Table S4). We next neutralized TNF-a in MDA-MB-231 and

MDA-MB-468 CM-treated iPSDM (Figure 4K), and exposed

new iPSDM to the neutralized CM. TNF-a neutralization resulted

in a significant reduction of SIGLEC1 expression compared with

isotype control-treated CM (Figures 4N and 4O). These results

indicate that Br-TAM responds to cancer signals by upregulating

the expression of SIGLEC1 and by producing TNF-a, which

further supports SIGLEC1 expression in macrophages.

CCL8 Is a Breast TAM Marker
To identify additional mediators of the crosstalk between hu-

man cancer cells and macrophages, we performed inflamma-
(F) Quantification of CD163+ (left), SIGLEC1+ (center), and CD163+ and SIGLEC1+

Boxplots depict the first and third quartiles, with the median shown as a solid line

third quartiles.

(G andH)SIGLEC1 expression in primaryMDM- (G) and PMA-treated THP1 cells (

conditioned medium (CM) or MDA-MB-468 CM. Data are depicted as fold chang

(I and J) Flow cytometric analysis of SIGLEC1 expression in iPSDM cells without

(n = 3).

(K) TNF-a levels in supernatants of iPSDM incubated for 24 h with CTR plus isot

MDA-MB-231 and MDA-MB-468 CM (n = 3). Results are expressed as pg/mL.

(L) Expression of TNFA mRNA in Br-RM (n = 4) and Br-TAM (n = 6).

(M) TNF-a protein levels in supernatants of MDM incubated for 24 h withMDA-MB

450 nm (OD450) (n = 3).

(N and O) SIGLEC1 mRNA expression in iPSDM stimulated for 24 h with MDA

antibody andMDA-MB-231 CM + isotype control antibody (N) or with MDA-MB-4

and MDA-MB-468 CM + isotype control antibody (O) (n = 3 each).

(C and L) Horizontal bars represent the mean of the individual values ± SD; (G–K a

test; (C, D, I, J, and L) Student’s t test; (F) two-way ANOVA; (H, K, and M–O) one

See also Figures S3 and S4 and Table S4.
tory gene expression qPCR array and found 19 commonly

upregulated pro-inflammatory genes in PMA-THP1 cells

incubated with MDA-MB-231 and MDA-MB-468 CM (Figures

5A–5C; Table S5). Of those, seven were also upregulated in

Br-TAM compared with Br-RM (Figure 5D), among which

CCL8 was the most significantly upregulated. Interestingly,

CCL8 has been reported to play a role in the tumor micro-

environment by supporting mouse mammary cancer cell

dissemination (Farmaki et al., 2016). In our data, CCL8

was correlated with CD163 expression (Figure 5E). In the

METABRIC cohort, univariate analysis showed that CCL8

high expression was significantly associated with shorter

DSS (Figure 5F; Table S5). However, in Cox multivariate anal-

ysis, after adjusting for clinical parameters such as ER, PR,

Her2, grade, and tumor size, high CCL8 expression was

not independently significantly associated with shorter DSS

(HR = 1.16, p = 0.13, Table S5). Internal validation by qPCR

on samples used for RNA-seq showed significant upregula-

tion of the CCL8 transcript in Br-TAM (Figure 5G). We next

validated these data by incubating PMA-THP1, MDM, and

iPSDM with cancer CM and showed elevated CCL8 mRNA

and protein levels (Figures 5H and S5A–S5C). In addition,

fluorescence in situ hybridization analysis of breast cancer tis-

sue sections revealed that CCL8 mRNA is found in Br-TAM

but not in cancer cells (Figure 5I). There were no differences

in CCL8 serum levels between healthy individuals and cancer

patients, indicating local production (Figure S5D). CCL8

production in human macrophages was induced by both

pro- and anti-inflammatory stimulation (Figures S5E and

S5F) consistent with reports using cultured mouse macro-

phages (Makita et al., 2015).

Similarly to the observations with SIGLEC1, TNF-amodulated

the expression of CCL8 (Figure S5E). We neutralized TNF-a in

MDA-MB-231 and MDA-MB-468 CM-treated iPSDM with

neutralizing antibodies and exposed new iPSDM to the neutral-

ized CM. TNF-a neutralization resulted in a significant reduced

CCL8 expression compared with isotype control-treated CM,

confirming a role for TNF-a in CCL8 regulation in macrophages

exposed to cancer cell CM (Figures 5J and 5K). CCL8 treatment

of both cancer cell lines significantly upregulated the expression

of CSF1 mRNA and protein (Log2FC > 1, p < 0.05, Figure 5L), as

well as TNF-a and IL-1b (Figure 5M).
(right) cells permm2 of tissue in benign (n = 4) and breast cancer samples (n = 8).

inside the box and whiskers extending to 1.5 interquartile range from first and

H) stimulated for 24 hwith culturemedium (CTR) normalized as 1,MDA-MB-231

e versus CTR (n = 3).

stimulation (CTR) or stimulated with MDA-MB-231 (I) or MDA-MB-468 (J) CM

ype control or CTR plus anti-TNF-a antibody. Same conditions are shown for

-231 andMDA-MB-468 CMor CTR. Results are expressed as optical density at

-MB-231 CM normalized as 1 (CTR), MDA-MB-231 CM + TNF-a neutralizing

68 CM normalized as 1 (CTR), MDA-MB-468 CM + TNF-a neutralizing antibody

nd M–O) data depicted as means ± SEM; (B) The p value is based on the Wald

-way ANOVA; *p < 0.01, **p < 0.001, ***p < 0.0001, ****p < 0.00001.
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Figure 5. TAMs and Cancer Cells Engage in Cytokine Feedback Loops to Support CCL8 and SIGLEC1 Expression in Breast Cancer TAMs
(A and B) Volcano plot showing genes whose expression was significantly (Log2FC ± 1, p < 0.05) deregulated in PMA-THP1 cells after incubation with

MDA-MB-231 (A) or MDA-MB-468 (B) CM for 24 h (n = 3 each).

(legend continued on next page)
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CCL8 Enhances Breast Cancer Cell Motility and
Monocyte Recruitment
We investigated the effect of CCL8 on cancer cells. Cancer cell

lines were analyzed for expression of the five reported CCL8 re-

ceptors (Figures S5G and S5H). Of these CCR1, 2, 5, and 8 were

detected on the cell surface of both MDA-MB-231 and MDA-

MB-468 cells. CCL8 receptors, mainly CCR1 and CCR2, have

also been shown to be expressed on tumor cells in human breast

cancers (Fang et al., 2012; Shin et al., 2017). Stimulation with re-

combinant CCL8 (rCCL8) did not affect cell proliferation of either

breast cancer cell line (Figure S5I). We stimulated MDA-MB-231

and MDA-MB-468 with rCCL8 and performed a qPCR array for

genes associatedwith breast cancer progression. Using stringent

criteria for changes in gene expression (Log2FC> 2, p < 0.05) (Fig-

ures S6A and S6B), six geneswere identified that were commonly

upregulated inbothcell lines followingstimulationwith rCCL8 (Fig-

ure S6C). The product of these genes have been predicted to be

involved in cancer cell invasion (MMP2,MMP9, ADAM23) (Roomi

et al., 2009) and progression (IL6, EGF, and GLI1) (Kn€upfer and

Preiß, 2006; Makita et al., 2015) (Figure S6D; Table S5). Similar

genes were identified by a metastasis qPCR array after exposure

of MDA-MB-231 and MDA-MB-468 with CM from cancer cell-

primed MDM (Figures S6E–S6H; Table S5). Consistent with the

upregulated expression of genes involved in invasion, rCCL8

treatment enhanced motility of MDA-MB-231 cells (Figures 5N

and 5O) to a greater extent than previously reported for CCL2

(Fang et al., 2012). Finally, as TEMo express CCR2 as the only

CCL8 receptor differentially expressed (Table S1), we assessed

the ability of CCL8 to recruit monocytes using an in vitro chemo-

taxis assay with THP1 monocytic cells in the presence of CCL2

and CCL8 as chemo-attractants. Both CCL2 and CCL8 attract

these monocytic cells compared with controls (Figure 5P).
SIGLEC1/CCL8 Gene Signature Is an Independent
Prognostic Factor in ER+ Breast Cancer
To assess whether a SIGLEC1/CCL8 two-gene signature had

clinical relevance in breast cancer, Cox proportional hazard
(C) Venn diagram of commonly upregulated transcripts between MDA-MB-231-t

(D) Selection of pro-inflammatory genes commonly upregulated in Br-TAM (n = 4

(E) Scatterplot showing Pearson’s correlation between CD163 and CCL8 expres

(F) Disease-specific survival according to the mRNA level of CCL8 in the METAB

(G) CCL8 mRNA expression in Br-RM (n = 4) and Br-TAM (n = 7). Data are expre

(H) CCL8 levels in CM from MDA-MB-231, MDA-MB-468, MDM, and MDM incu

(I) IF and fluorescence in situ hybridization for CCL8 mRNA (top) or a DapB-contro

resenting a SIGLEC1+CD163+ macrophage-expressing CCL8 mRNA (top) or DapB

(J and K) CCL8mRNA expression in iPSDM stimulated for 24 h with MDA-MB-23

andMDA-MB-231 CM + isotype control antibody (J), or with MDA-MB-468 CM no

CM + isotype control antibody (K) (n = 3 each).

(L and M) CSF1 levels (L) and TNF-a and IL-1b levels (M) in supernatants from

MDA-MB-468 incubated for 24 h with 10 or 20 ng/mL (or 20 ng/mL for CSF1) of

(N) In vitro scratch assay of untreated MDA-MB-231 or treated with CCL8 or CCL2

bars, 500 mm.

(O) Quantification of in vitro scratch assay covered by MDA-MB-231 after 24 h (ca

treated cells. Same symbols represent mean of technical replicates (n = 4).

(P) THP1 chemotaxis assay for CCL2 and CCL8. Cells were incubated with med

change versus CTR at 72 h (n = 3).

(H, J, K, M, and P) Data depicted as mean ± SEM; (G and L) horizontal bars re

the mean of the individual values; (F) the p value is based on the Wald test; (G and

*p < 0.01, **p < 0.001, ***p < 0.0001.

See also Figures S5 and S6, Table S5.
regression analysis was performed on a breast cancer stroma

dataset (Finak et al., 2008) representing 53 patients suffering

17 recurrence events reported over a median follow-up time of

8.7 years. Gene expression values of SIGLEC1/CCL8 were

dichotomized into high- and low-expression groups according

to all possible cutoffs (Pearce et al., 2017). Univariate analysis

revealed that SIGLEC1/CCL8 high expression was associated

with shorter recurrence-free survival (Figure 6A; Table S6). To

further validate the clinical relevance of the SIGLEC1/CCL8

gene signature, we utilized the METABRIC cohort with 456

breast cancer-specific events over a median follow-up time of

9.69 years. In univariate analysis high expression of SIGLEC1/

CCL8 was significantly associated with shorter DSS (Figure 6B;

Table S6), along with Her2 status (HR = 2.1, p = 2.331010), grade

(HR = 1.8, p = 1.9 3 10�9) and tumor size (HR = 1.8, p = 0.002).

Conversely, ER (HR = 0.6, p = 7.8 3 10�7) and PR (HR = 0.64,

p = 3 3 10�6) status were significantly associated with better

DSS. In Cox multivariate analysis, SIGLEC1/CCL8 high expres-

sion was associated with shorter DSS but did not reach signifi-

cance (HR = 1.2, p = 0.06, Table S6).

In a subset of ER+Her2– patients from the METABRIC cohort,

univariate analysis revealed that SIGLEC1/CCL8 high expres-

sion was significantly associated with shorter DSS (Figure 6C),

along with grade (HR = 1.7, p = 9 3 10�6) and age (HR = 1.5,

p = 2.2 3 10�3) (Table S6). Cox multivariate analysis demon-

strated that SIGLEC1/CCL8 high expression was independently

significantly associated with shorter DSS (HR = 1.35, p = 0.014)

along with grade (HR = 1.54, p = 3.43 10�4) and age (HR = 1.44,

p = 0.008).
DISCUSSION

In mouse models of cancer, monocytes are recruited to primary

ormetastatic tumorswhere they differentiate to TAMs,which pro-

mote tumor progression and metastasis (Arwert et al., 2018).

Here, we show that circulating monocytes respond to breast

and endometrial cancers with an expansion in the non-classical
reated (left circle) and MDA-MB-468-treated (right circle) THP1 cells.

) (from RNA-seq analysis) and PMA-THP1 (n = 3) (qPCR).

sion in the METABRIC cohort. Red line indicates local regression (LOESS) fit.

RIC cohort.

ssed as fold change versus Br-RM.

bated for 24 h with the two cancer cell CM, respectively (n = 3).

l RNA (bottom) in breast cancer samples. Scale bars, 10 mm (n = 3). Inset rep-

-control mRNA (bottom). XY, XZ, and YZ projections are shown (right panels).

1 CM normalized as 1 (CTR), MDA-MB-231 CM + TNF-a neutralizing antibody

rmalized as 1 (CTR), MDA-MB-468 CM+ TNF-a neutralizing andMDA-MB-468

unstimulated MDA-MB-231 or MDA-MB-468 (CTR), and MDA-MB-231 or

rCCL8 (n = 3 each).

for the indicated period of time, yellow line = cell culture margins (n = 4). Scale

lculated as area covered at 24–1 h) in untreated (CTR), and CCL8- and CCL2-

ium alone (CTR) or with 20 ng/mL of rCCL2 or rCCL8. Results shown as fold

present the mean of the individual values ± SD; (O) horizontal bars represent

L) Student’s t test; (H, J, K, M, and P) one-way ANOVA; (O) two-way ANOVA;
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Figure 6. High Expression of SIGLEC1/CCL8 Is Associated with Poor Outcome in Breast Cancer Patients

(A) Heatmap and recurrence-free survival according to mRNA levels of SIGLEC1 and CCL8 in the breast cancer stroma dataset (Finak et al., 2008).

(B and C) Heatmap and disease-specific survival in all (B) and ER+Her2� (C) patients from the METABRIC cohort. All significant cutoff points (p < 0.05) are shown

in black. Black vertical lines indicate positivity for ER and Her2 expression or grade III tumors. All p values are based on the Wald test.
population and alteration of transcriptomes in both monocytic

populations compared with healthy women. Using total mono-

cyte transcriptional profiles we identified a 17-gene signature

that indicated the presence of cancer. Alterations in non-classical

populations have also been shown to be negatively associated

with breast tumor size and disease stage (Feng et al., 2011).

Monocytes in renal carcinoma and colorectal cancer patients

also showed distinct transcriptional alterations compared with

healthy individuals (Chittezhath et al., 2014). In mousemodels, in-

hibition of classical monocyte recruitment inhibited metastasis

(Qian et al., 2011), while depletion of non-classical monocytes

correlated with enhancedmetastasis through inhibition of natural

killer cell activity (Hanna et al., 2015). However, non-classical

monocytes have been shown to contribute to anti-vascular endo-

thelial growth factor therapy resistance in mouse models of

cancer (Jung et al., 2017). This therapy is associated with

enhanced CX3CL1 levels in human colon cancers, leading to

the recruitment of non-classical monocytes to the vascular bed

of the tumor, where they promote accumulation of neutrophils
598 Cancer Cell 35, 588–602, April 15, 2019
and immune suppression through IL-10 secretion (Jung et al.,

2017). We detected significantly higher levels of CX3CL1 in the

sera of breast cancer patients compared with healthy controls.

This chemokine increase could explain the elevated number

and activation of monocytes.

Despite the strong evidence for pro-tumoral roles of TAMs in

mouse models of cancer (Cassetta and Pollard, 2018), little is

known about them in humans. Thus, we profiled TAMs in breast

and endometrial cancers. Surprisingly, in contrast to monocytes,

TAM transcriptomes from endometrial and breast cancers are

distinct from each other, from their respective resident macro-

phages, and from their progenitor monocytes. These data

suggest the existence of cancer-specific niches that influence

the TAM transcriptional profiles according to tumor location and

subtype. High expression of macrophage gene signatures

has been associated with high tumor grade and poor clinical

outcomes (Gentles et al., 2015). In our study, we identified a

37-gene TAM signature that is highly expressed in the most

aggressive breast cancer subtypes and enriched in a CSF1-high



Figure 7. Schematic Representation of the Crosstalk between

Br-TAM and Cancer Cells

Tumor cells upregulate SIGLEC1, TNF-a, and CCL8 expression in Br-TAM. In

turn, cancer cells respond to CCL8 stimulation by producing CSF1, IL-1b, and

TNF-a, which further contribute to the positive feedback loop.
group that has been previously associated with higher tumor

grade, decreased expression of ER and PR, and higher mutation

rate (Beck et al., 2009). The TAM signature was also associated

with shorter DSS in the METABRIC cohort. These results, along

with recent evidence of the role of TAMs in chemo- and im-

mune-therapy resistance (Neubert et al., 2018) highlight the

need to study TAMs in human cancers and to identify markers

for TAM-specific targeting. Therefore, we focused on transmem-

brane receptors included in the TAM signature, of which,

SIGLEC1, a sialic binding receptor mainly expressed by macro-

phages, was the most highly differentially expressed in Br-TAM

compared with Br-RM. In homeostatic conditions, SIGLEC1+

macrophages are mainly in the bone marrow, liver, spleen, colon,

and lymph node, and they are involved in erythropoiesis and

adaptive immune responses (Chávez-Galán et al., 2015). Consis-

tent with our findings, SIGLEC1+ macrophages have been identi-

fied in colorectal (Li et al., 2015) and hepatocellular carcinoma

(Zhang et al., 2016). Infiltration of SIGLEC1+ macrophages in

colorectal cancer was associated with tumor progression, but in

hepatocellular carcinoma they predicted favorable patient out-

comes (Zhang et al., 2016), underpinning the hypothesis that

TAM phenotypes/activation are organ and cancer specific.

To elucidate the crosstalk between human TAMs and breast

cancer cells, we focused on soluble factors produced by TAMs

in response to cancer cell CM. Our screening identified CCL8

as the top upregulated soluble factor in Br-TAM. In mouse

models, CCL8 has a role in metastasis formation in melanoma

(Barbai et al., 2015) and promoted tumor cell invasion and

motility in mammary cancer models (Farmaki et al., 2016).

SIGLEC1+ macrophages in the mouse intestine produce high

levels of CCL8 in response to inflammatory stimuli (Asano

et al., 2015). CCL8 production also sustains colitis induced by

dextran sulfate sodium treatment and to recruit pro-inflamma-

tory monocytes to the inflamed site. We demonstrated that

TAMs are the major source of CCL8, and CCL8 and SIGLEC1
engage in a tumor cell-TAM regulatory loop, involving TNF-a,

which in turn enhances their expression and leads to increased

tumor cell motility. Our data showed that cancer cells and

TAMs secrete high levels of TNF-a that further supports CCL8

production in the tumor microenvironment, and that cancer cells

respond to the presence of CCL8 by producing significant higher

levels of the major survival and proliferation factor for macro-

phages CSF1, which further propagate the auto-stimulatory

loop (Figure 7). The high concentration of CCL8 not only sup-

ports the cancer-TAM crosstalk but also acts as a monocyte

chemoattractant. Interestingly, in mouse models of metastatic

breast cancer, CCL8 was also shown to recruit regulatory

T cells (Tregs) through CCR5, and that metastasis in this model

was reduced by inhibition of this receptor (Halvorsen et al.,

2016). In humans, immunosuppressive CCR8+ Tregs infiltrate

breast tumors and CCR8 high expression is correlated with

poor prognosis (Plitas et al., 2016). Given these data, we propose

that TAM-synthesized CCL8 will increase monocyte infiltration

into the tumor site, thus generating more pro-tumoral TAMs (Fig-

ure 7) and an immunosuppressive microenvironment, as well

as increasing the malignancy of tumor cells. Consistent with

these data, SIGLEC1 and CCL8 were associated with shorter

disease-specific and recurrence-free survival in public datasets

derived fromwhole tumor homogenates. Such data reinforce the

concept of TAMs in the promotion of human malignancy, and

identification of uniquely expressed genes in human TAMs pro-

vides opportunities for new therapeutic targets and diagnostic/

prognostic markers.
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tance of microenvironment: the role of CCL8 in metastasis formation of mela-

noma. Oncotarget 6, 29111–29128.

Beck, A.H., Espinosa, I., Edris, B., Li, R., Montgomery, K., Zhu, S., Varma, S.,

Marinelli, R.J., van deRijn, M., andWest, R.B. (2009). Themacrophage colony-

stimulating factor 1 response signature in breast carcinoma. Clin. Cancer Res.

15, 778–787.

Bindea, G., Mlecnik, B., Tosolini, M., Kirilovsky, A., Waldner, M., Obenauf,

A.C., Angell, H., Fredriksen, T., Lafontaine, L., Berger, A., et al. (2013).

Spatiotemporal dynamics of intratumoral immune cells reveal the immune

landscape in human cancer. Immunity 39, 782–795.

Bolger, A.M., Lohse, M., and Usadel, B. (2014). Trimmomatic - a flexible

trimmer for Illumina sequence data. Bioinformatics 30, 2114–2120.

Breiman, L. (2001). Random forests. Mach. Learn. 45, 5–32.

Cassetta, L., Kajaste-Rudnitski, A., Coradin, T., Saba, E., Della Chiara, G.,

Barbagallo, M., Graziano, F., Alfano, M., Cassol, E., Vicenzi, E., and Poli, G.

(2013). M1 polarization of human monocyte-derived macrophages restricts

pre and postintegration steps of HIV-1 replication. AIDS 27, 1847–1856.

Cassetta, L., Noy, R., Swierczak, A., Sugano, G., Smith, H., Wiechmann, L.,

and Pollard, J.W. (2016). Isolation of mouse and human tumor-associated

macrophages. In Tumor Microenvironment, Advances in Experimental

Medicine and Biology (Springer International), pp. 211–229, https://doi.org/

10.1007/978-3-319-26666-4_12.

Cassetta, L., and Pollard, J.W. (2018). Targeting macrophages: therapeutic

approaches in cancer. Nat. Rev. Drug Discov. 17, 887–904.

Charoentong, P., Finotello, F., Angelova, M., Mayer, C., Efremova, M., Rieder,

D., Hackl, H., and Trajanoski, Z. (2017). Pan-cancer immunogenomic analyses

reveal genotype-immunophenotype relationships and predictors of response

to checkpoint blockade. Cell Rep. 18, 248–262.
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STAR+METHODS
KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Anti CD45 PE-Texas Red clone HI30 Thermofisher Cat# MHCD4517; RRID: AB_10372514

Anti CD45 AF700 clone HI30 Biolegend Cat# 304024; RRID: AB_493761

Anti CD45 clone HI30 eBioscience Cat# 14-0459-82; RRID: AB_467274

Anti CD3 BV711 clone OKT3 Biolegend Cat# 317328; RRID: AB_2562907

Anti CD3 Pe-Cy5 clone UCHT1 Biolegend Cat# 300410; RRID: AB_314064

Anti CD3 clone SP7 Thermofisher Cat# MA1-90582; RRID: AB_1956722

Anti CD56 BV711 clone HCD56 Biolegend Cat# 318336; RRID: AB_2562417

Anti CD56 PE-Cy5 clone HCD56 Biolegend Cat# 318308; RRID: AB_604105

Anti CD56 clone 123C3 Santa Cruz Cat# sc-7326; RRID: AB_627127

Anti CD19 BV711 clone HIB19 Biolegend Cat# 302246; RRID: AB_2562065

Anti CD19 PE-Cy5 clone HIB19 Biolegend Cat# 302210; RRID: AB_314240

Anti CD11b BV605 clone ICRF44 Biolegend Cat# 301332; RRID: AB_2562021

Anti CD11b PE-Cy7 clone ICRF44 Thermofisher Cat# 25-0118-42; RRID: AB_1582272

Anti CD14 BV510 clone M5E2 Biolegend Cat# 301842; RRID: AB_2561946

Anti CD14 FITC clone TuK4 Thermofisher Cat# MHCD1401; RRID: AB_10373108

Anti CD16 EF450 clone eBIOCB16 Thermofisher Cat# 48-0168-42; RRID: AB_1272052

Anti CD16 PE-Texas Red clone 3G8 Thermofisher Cat# MHCD1617; RRID: AB_10373685

Anti HLA-DR BV650 clone L243 Biolegend Cat# 307650; RRID: AB_2563828

Anti CX3CR1 FITC clone 2A9-1 Biolegend Cat# 341606; RRID: AB_1626272

Anti CD64 AP-CCy7 clone 10.1 Biolegend Cat# 305026; RRID: AB_2561588

Anti CD80 PE-Cy7 clone 2D10 Biolegend Cat# 305218; RRID: AB_2076148

Anti CD86 APC clone IT2.2 Biolegend Cat# 305412; RRID: AB_493231

Anti CD163 APC clone GH1/61 Biolegend Cat# 333610; RRID: AB_2074533

Anti CD163 clone 10D6 Thermofisher Cat# MA5-11458; RRID: AB_10982556

Anti CD163 clone 10D6 Leica Biosystems Cat# NCL-L-CD163; RRID: AB_2756375

Anti CCR2 PE-Cy7 clone K036C2 Biolegend Cat# 357212; RRID: AB_2562619

Anti CCR2 clone 48607 R&D Systems Cat# MAB150; RRID: AB_2247178

Anti CD169 PE clone 7-239 Biolegend Cat# 346003; RRID: AB_2189030

Anti CD169 clone 5F1.1 Millipore Cat# MABT328

Anti CD169 polyclonal Novus Biologicals Cat# NBP2-30903

Anti CD8 clone C8/144B Thermofisher Cat# MA5-13473; RRID: AB_11000353

Anti CSF1R clone SP211 Abcam Cat# ab183316

Anti CD95 PE-Cy7 clone DX2 Biolegend Cat# 305622; RRID: AB_2100369

Anti CCR1 PE clone 5F10B29 Biolegend Cat# 362903; RRID: AB_2563897

Anti CCR3 FITC clone 5E8 Biolegend Cat# 310719; RRID: AB_2571958

Anti CCR5 PE clone HEK/1/85a Biolegend Cat# 313707; RRID: AB_345307

Anti CCR8 PE clone L263G8 Biolegend Cat# 360603; RRID: AB_2562614

Anti TNFa clone 1825 R&D Systems Cat# MAB210; RRID: AB_2240620

Mouse IgG1 isotype control R&D Systems Cat# MAB002; RRID: AB_357344

Goat anti rabbit Peroxidase F(ab) Abcam Cat# ab7171; RRID: AB_955396

Chemicals, Peptides, and Recombinant Proteins

Recombinant human IL3 PreproTech 0200-03-10

Recombinant human IL4 R&D Systems 204-IL

Recombinant human IL10 R&D Systems 217-IL

(Continued on next page)
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

Recombinant human IL13 R&D Systems 213-ILB

Recombinant human CCL2 R&D Systems 279-MC

Recombinant human CCL8 R&D Systems 281-CP

Recombinant human CSF1 Biolegend 574806

Recombinant human BMP4 R&D Systems 314-BP-010

Recombinant human SCF Thermo Fisher PHC2111

Recombinant human VEGF 165 R&D Systems 293-VE-010

Recombinant human TGFb R&D Systems 240-B

Recombinant human IFNg R&D Systems 285-IF

Recombinant human TNFa R&D Systems 210-TA

Recombinant human Basic FGF (aa 10-155) Thermo Fisher PHG0021

Phorbol-12-myristate-13-acetate (PMA) Sigma Aldrich 16561-29-8

Liberase enzyme TL Roche 5401020001

Liberase enzyme DL Roche 5401160001

Dnase I Sigma Aldrich 11284932001

StemPro� hESC SFM Invitrogen A1000701

Critical Commercial Assays

RNAEasy Microkit Qiagen 74004

SuperScript Vilo master mix Thermofisher 11755050

Human CCL8 DuoSet ELISA R&D Systems DY281

Human TNFa DuoSet ELISA R&D Systems DY210

Human IL1b DuoSet ELISA R&D Systems DY201

Human CX3CL1 Quantikine ELISA kit R&D Systems DCX310

Human CSF1 Quantikine ELISA kit R&D Systems DMC00B

Human Cytokine ELISA array (colorimetric) Signosis EA-4002

Human Proinflammatory chemokine Legendplex Biolegend 740003

Cell counting kit-8 Sigma Aldrich 96992

Human Breast Cancer RT2 Profiler PCR Array Qiagen PAHS-131Z

RT2 Profiler� PCR Array Human Inflammatory

Cytokines & Receptors

Qiagen PAHS-011Z

Human Tumor Metastasis RT2 Profiler PCR Array Qiagen PAHS-028Z

RNAscope 2.5 LS Reagent Kit ACD 322100

RNAscope 2.5 LS Probe-Hs-PPIB ACD 313908

RNAscope 2.5 LS Probe-Hs-CCL8 ACD 466498

IncuCyte� ClearView 96-Well Chemotaxis Plate Essen bioscience 4582

TSA Plus Cyanine 3 system Perkin Elmer NEL774B001KT

Deposited Data

TEMo and TAM RNA-seq (Cohort 1 and 2) This paper GSE117970

Breast cancer tissue RNA-seq (Cohort 3) This paper GSE100925

Microarray data from human healthy and

breast cancer stroma

Karnoub et al., 2007 GSE8977

Microarray data from human healthy and

breast cancer stroma

Finak et al., 2008 GSE9014

Microarray data from the METABRIC cohort Curtis et al., 2012 http://www.cbioportal.org/

RNA-seq samples from the Cancer cell

Encyclopedia (CCLE)

N/A https://portals.broadinstitute.org/ccle

Experimental Models: Cell Lines

MDA-MB-231 ATCC Cat# HTB-26; RRID: CVCL_0062

MDA-MB-468 ATCC Cat# HTB-132; RRID: CVCL_0419

(Continued on next page)
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Continued

REAGENT or RESOURCE SOURCE IDENTIFIER

THP-1 ATCC Cat# TIB-202; RRID: CVCL_000

SFCi55 iPSC Prof. Lesley Forrester Lopez-Yrigoyen et al., 2018

Oligonucleotides

GAPDH Forward Sigma Aldrich 5’- GGAGCGAGATCCCTCCAAAAT-3’

GAPDH Reverse Sigma Aldrich 5’- GGCTGTTGTCATACTTCTCATGG-3’

HGF Forward Sigma Aldrich 5’- GCTATCGGGGTAAAGACCTACA-3’

HGF Reverse Sigma Aldrich 5’- CGTAGCGTACCTCTGGATTGC-3’

TNFSF10 Forward Sigma Aldrich 5’- TGCGTGCTGATCGTGATCTTC-3’

TNFSF10 Reverse Sigma Aldrich 5’- GCTCGTTGGTAAAGTACACGTA-3’

ANGPT1 Forward Sigma Aldrich 5’-AGAACCTTCAAGGCTTGGTTAC-3’

ANGPT1 Reverse Sigma Aldrich 5’-GGTGGTAGCTCTGTTTAATTGCT-3’

CD200R1 Forward Sigma Aldrich 5’-CAGAGGCATAGTGGTAACACCT-3’

CD200R1 Reverse Sigma Aldrich 5’-GTGCCATTGCCCCAGTATTCT-3’

SIGLEC1 Forward Sigma Aldrich 5’-CCTCGGGGAGGAACATCCTT-3’

SIGLEC1 Reverse Sigma Aldrich 5’-AGGCGTACCCCATCCTTGA-3’

CCL8 Forward Sigma Aldrich 5’-TGGAGAGCTACACAAGAATCACC-3’

CCL8 Reverse Sigma Aldrich 5’-TGGTCCAGATGCTTCATGGAA-3’

TNFA Forward Sigma Aldrich 5’-CCTGCTGCACTTTGGAGTGA-3’

TNFA Reverse Sigma Aldrich 5’-TCGAGAAGATGATCTGACTGCC-3’

Software and Algorithms

Image J NIH https://imagej.nih.gov/ij/

BD Facs Diva version 8 BD Biosciences http://www.bdbiosciences.com/

FlowJo Version 9 and 10 FlowJo LLC https://www.flowjo.com/

Prism Version 6 and 7 GraphPad https://www.graphpad.com/scientific-software/prism

Mathematica 11 Wolfram Inc. http://www.wolfram.com/mathematica/

Tissue Studio 2.7 Definiens AG https://www.definiens.com/

Developer XD 2.7 Definiens AG https://www.definiens.com/

Zen Carl Zeiss AG https://www.zeiss.com/microscopy/int/products/

microscope-software/zen.html

IncuCyte software Essen Biosciences https://www.essenbioscience.com/

FastQC (Andrews, 2012) https://www.bioinformatics.babraham.ac.uk/projects/fastqc/

STAR 2.3 (Dobin et al., 2012) https://github.com/alexdobin/STAR

HTSeq (Anders et al., 2014) https://htseq.readthedocs.io/en/release_0.9.1/

DAVID (Huang da et al., 2009) https://david.ncifcrf.gov/

Trimmomatic (Bolger et al., 2014) http://www.usadellab.org/cms/?page=trimmomatic

TopHat 2.0.12 (Kim et al., 2013) https://ccb.jhu.edu/software/tophat/index.shtml

Cufflinks (Trapnell et al., 2010) http://cole-trapnell-lab.github.io/cufflinks/
CONTACT FOR REAGENT AND RESOURCE SHARING

Further information and requests for resources and reagents should be directed to andwill be fulfilled by the Lead Contact, JeffreyW.

Pollard (jeff.pollard@ed.ac.uk).

EXPERIMENTAL MODELS AND SUBJECT DETAILS

Human Studies
All study protocols were approved by the IRB of the Albert Einstein Medical College (Bronx, NY, USA), by The University of Edinburgh

(Edinburgh, UK) andDukeUniversity (Durham, NC) ethics committees as appropriate. Informed consent was obtained from all human

subjects included in this study.

Cohort 1: For control samples, mononuclear cells were isolated from peripheral blood obtained from female healthy individuals

through the New York Blood Center, USA. In some cases, blood was also donated from volunteers in the Bronx, NY who were
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age and weight matched to the Bronx cancer cohort. Peripheral blood (20 ml) was obtained from breast and endometrial cancer pa-

tients attending the Montefiore Medical Center, Bronx, NY, USA. Breast cancer tissue (0.1-1 grams) and endometrial cancer tissue

(0.1-1 grams) was obtained fromMontefiore Medical Center, NY, USA. Normal breast tissue frommammoplasty reduction surgeries

(25-50 grams) was obtained from the Human Tissue Procurement Facility (HTPF), Ohio State University, USA; normal/benign endo-

metrial tissue (1-2 grams) was obtained after surgery for conditions unrelated to cancer from Montefiore Medical Center, NY, USA.

Cohort 2: For control samples, mononuclear cells were isolated from peripheral blood obtained from female healthy individuals

through Cambridge Biosciences, UK or CIR blood resource (AMREC #15-HV-013). Peripheral blood (20 ml) and cancer tissue

(0.1-1 grams) was obtained from breast cancer patients from NHS, Edinburgh, Scotland, UK. Normal/benign breast tissue (0.1-1

grams) from patients with benign conditions was obtained from NHS, Edinburgh, Scotland, UK.

Cohort 3: Breast cancer tissue was obtained by Duke University, Durham NC, USA. Pathologically the breast cancer patients con-

sisted of invasive breast cancers with either node- or node+ disease. Patients had biopsy-confirmed invasive tumors of at least 1.5 cm

at diagnosis. Tumor samples were shipped on ice to Oregon Health & Science University Hospital (OHSU) for immune and genomic

assays.

The exclusion criteria for all cancer patients at baseline included systemic metastatic disease, any inflammatory disorder, and

active infection or immunocompromised status not related to cancer. All the patients recruited were chemotherapy and radiotherapy

naive before collection.

METHOD DETAILS

Isolation of Human Blood Monocytes
All blood samples were collected and processed by the same person according to site, HZ in the Bronx and LC Edinburgh. They were

processed as attained and not batched together according to sample type. All the blood samples were collected in Venous Blood

Collection Tubes containing EDTA and stored immediately at 4�C after collection. Blood was centrifuged at 700 RCF for 10 min at

4�C in a swinging bucket rotor to separate cells from plasma, Plasma was then subjected to centrifugation in conical tubes for

10 min at 16,000 x g at 4�C in a fixed angled rotor, immediately aliquoted and stored at -80�C. After red blood cell lysis (10X RBC

lysis buffer, Biolegend) cells were centrifuged 500 RCF 5 min at 4�C, counted and stained for cytofluorimetric analysis; the remaining

cells were frozen in 10% v/v DMSO, 90% v/v fetal bovine serum solution for subsequent cell sorting and RNA extraction.

Isolation of Human Tissue Macrophages
Cancer tissue and normal endometrial tissue were washedwith Phosphate Buffer Saline (PBS) in a petri dish and tissuewas chopped

into small fragments with a razorblade on ice. The sample was transferred to a 15-50ml tube according to size and Liberase enzymes

TL (14 U/mL) and DL (28 U/mL) (Roche) and DNAse (15 mg/mL) (Roche) were added in serum-free PBS. Tissue was digested at 37�C
on a rotating wheel for 1-18 hr depending on tissue weight; at the end of digestion the cell suspension was filtered using a 100 mmcell

strainer and PBS 1% w/v Bovine Serum Albumin (BSA, Sigma-Aldrich) was added in order to interrupt the digestion process. Cells

were centrifuged at 400 RCF for 5 min at 4�C in a swinging bucket rotor. The pellet was re-suspended in PBS, 1%w/v BSA and cells

counted and stained for FACS sorting or analysis. Macrophages were sorted using the antibodies CD45 AlexaFluor-700, CD3

PE-Cy5, CD56 PE-Cy5, CD19 PE-Cy5, CD14 FITC, CD11b PE-Cy7, CD163 APC as reported in Figure S2A (Cassetta et al., 2016).

Monocyte-Derived Macrophages Isolation and Stimulation
Peripheral blood was collected from healthy donors in EDTA coated blood tubes and diluted 1:2 using serum free PBS. 40 mL of the

diluted blood was then stratified on top of 10mL of Ficoll; samples were centrifuged at 400 RCF (no brake, no acceleration) for 30min

at room temperature (RT) in a swinging bucket rotor. The peripheral mononuclear cell (PBMC) fraction (ring) was collected with a

pipette and cells washed with PBS (Cassetta et al., 2013). PBMC were counted and seeded in a 12-well plate (NUNC-BD) at the

concentration of 8x106 cells/ml for 2 hr at 37�C 5% v/v CO2 in serum free medium (Dulbecco’s Modified Eagle Medium, DMEM).

Non-adherent cells were removed and wells washed twice with PBS and 2 ml of DMEM 10% v/v Fetal Bovine Serum (Lonza), 5%

v/v Human AB serum (Lonza) and 1% v/v penicillin/streptomycin were added to each well; 50% of the medium (1.0 ml) was replaced

with fresh medium every 3 days. After 7 days of differentiation monocyte-derived macrophages (MDM) were treated for 24 hr with

MDA-MB-231 andMDA-MB-468 cancer cell derived supernatant (CM) as reported in the below sections (Kitamura et al., 2015). After

24 hr all the supernatant was removed and used for quantitative real-time (qPCR) metastasis breast cancer array (see below), cells

were washed twice with PBS and lysed with Trizol Reagent (Thermo Fisher) for RNA extraction; RNAwas extracted using Trizol man-

ufacturer’s protocol. RNA was converted to cDNA using Invitrogen Superscript Vilo cDNA synthesis kit and qPCR was performed

using the protocol described above in the text.

iPSC Derived Macrophages
The SFCi55 iPSC line was generated in house and was confirmed to be pluripotent and have a normal karyotype (Yang et al., 2017).

The cells were maintained in StemPro medium prepared by supplementing DMEM/F12 + Glutamax (Invitrogen) with StemPro hESC

supplement (Invitrogen), 1.8% w/v BSA (Invitrogen), 0.1 mM b-mercaptoethanol (Invitrogen) and 20 ng/ml human basic FGF

(Invitrogen). When iPSC colonies covered approximately 80% of the culture surface, (Day 0), spent medium was removed and re-

placed with 1.0 ml StemPro supplemented with cytokine Mix 1 (50 ng/ml BMP4, 50 ng/ml VEGF, and 20 ng/ml SCF). Colonies
e4 Cancer Cell 35, 588–602.e1–e10, April 15, 2019



were cut using the EZPassageTM tool, and gently dislodged with a Pasteur pipette. They were divided equally into two wells of an

Ultra-Low Attachment 6-well plate (Corning), and 2ml of fresh StemPro media with cytokine Mix 1. Cells were cultured in suspension

until day 4 with a cytokine top up on Day 2, to make embryoid bodies (EBs). On Day 4, EBs were lifted and transferred to gelatin-

coated tissue-culture grade 6-well plates in X-VIVOTM 15 media (Lonza) supplemented with cytokine Mix 2 (100 ng/ml CSF1,

25 ng/ml IL3, 2.0 mM Glutamax, 1% v/v Penicillin/Streptomycin, 0.055 M b-mercaptoethanol). 10 to 15 EBs were plated in each

well. EBs were maintained in this medium for the remainder of the protocol, with spent medium being replaced with fresh medium

every 3-4 days. After about 2-3 weeks, the EBs produced macrophage progenitors in the culture supernatant that were harvested

and transferred to 10 cm2 bacteriological dishes in X-VIVOTM 15 medium supplemented with cytokine Mix 3 (100 ng/ml CSF1,

2.0 mM Glutamax, 1% v/v Penicillin/Streptomycin) and allowed to mature for 7 days into iPSC-derived macrophages (iPSC-DM).

Macrophage progenitors were harvested every 4 days for approximately 2 months (Lopez-Yrigoyen et al., 2018).

THP-1 Monocyte Differentiation and Cytokine Stimulation
Human THP-1 monocytes were maintained in culture medium (10% v/v Fetal Bovine Serum [FBS] Roswell Park Memorial Institute

[RPMI] 1640 Medium) and incubated at 37�C in a 5% v/v CO2 atmosphere. For monocyte-macrophage differentiation, cells were

seeded in at a density of 2.5x105 cells/ml on 12-well plates, or 5x105 cells/ml in 6-well plates and macrophage differentiation was

initiated by exposing the cells to 5ng/ml phorbol-12-myristate-13-acetate (PMA) (Sigma-Aldrich, 16561-29-8) in 10% v/v FBS culture

medium at 37�C in a 5% v/v CO2 atmosphere for 24 hr. Subsequently, THP-1 derived macrophages were polarized using different

combinations of IL4, IL10, IL13 and TGFb (R & D systems) or using different pro-inflammatory cytokines including TNFa, IFNg IL1b,

IL6 and IL12 (R & D systems) and Lipopolysaccharide (LPS). The cytokines doses were 20 ng/ml and LPS was used at 25 ng/ml.

Cancer Cell Culture, Conditioned Medium Production and Cytokine Stimulation
MDA-MB-468 and THP1 cell lines were cultured in RPMI1640 with 10% v/v serum (GIBCO, Life Technologies); MDA-MB-231 cells

were cultured in DMEMwith 10% v/v serum (GIBCO, Life Technologies). All cells were originally obtained from ATCC (Manassas, VA,

USA) and subsequently maintained in our laboratory. All cell lines were frequently tested for mycoplasma contamination using a

commercially available Mycoplasma detection kit (Myco alert kit, Lonza, USA), and all tested negative. To obtain MDA-MB-231

and -468 CMs cells were resuspended in culture medium, seeded at a density of 1x105 cells/ml in 2.5 ml culture medium on

6-well plates and cultured overnight at 37�C in a 5% v/v CO2 atmosphere. Subsequently, for CM exposure on PMA-THP-1 mono-

cytes, culture medium was replaced with 10% v/v FBS RPM1640 medium, for CM exposure on human MDMs, culture medium

was replaced with 10% v/v FBS DMEM supplemented with 5% v/v human serum and for CM exposure on human iPSDM culture

medium was replaced with 10% v/v FBS DMEM. After medium change, cells were cultured for an additional 24 hr with fresh medium

and thereafter, cell free supernatants were harvested and directly used for the experiment.

Flow Cytometry - Sorting and Analysis
PBMCs or total blood cells were counted and re-suspended in PBS, 1%w/v BSA; blocking of Fc receptors was performed by incu-

bating samples with 10% v/v human serum (Sigma Aldrich) for 1 hr on ice. For cytofluorimetric analysis 5x105 cells were stained in a

final volume of 100 mL using the following antibodies at 1:100 dilutions: CD45 PE-Texas Red, CD3-, CD56-, CD19-BV711, CD11b

BV605, CD14 BV510, CD16 EF450, CX3CR1 FITC, HLA-DR BV650, CCR2 PE-Cy7 (Biolegend). For monocyte and macrophage

sorting cells were stained and antibody concentration was scaled up based on cell number; cells were stained with the following an-

tibodies at 1:100 dilutions: CD45-AlexaFluor 700, CD3-, CD56-, CD19- PE-Cy5, CD14 FITC, CD11b PE-Cy7, CD16 PE-Texas Red,

CD163 APC (Biolegend). Cancer cell lines were stained for the 5 CCL8 receptors with the following antibodies: CCR1 PE, CCR2

PE-Cy7, CCR3 FITC, CCR5 PE, CCR8 PE (Biolegend). Cells were incubated in the dark for 1 hr on ice; after washing with PBS

1%w/v BSA (analysis) or PBS 0.1%w/v BSA (sorting) cells were filtered and re-suspended in the appropriate buffer before analysis

or sorting. Cytofluorimetric analysis was performed using a 6-laser Fortessa flow cytometer (BD); FACS sorting was performed using

FACS AriaII and FACS Fusion sorters (BD). Cell sorting was performed at 4�C in 1.5 ml RNAse and DNAse free tubes (Simport,

Canada) pre-filled with 750 ml of PBS 0.1%w/v BSA; at the end of each isolation a sorting purity check was performed. A minimum

of 5,000 events in the monocyte/macrophage gate was acquired for cytofluorimetric analysis. Results were analyzed with Flowjo

(Treestar) or DIVA software (BD) (see Key Resources Table).

RNA Extraction and Sequencing of Purified Cells
Immediately after sorting all the samples were centrifuged at 450 RCF for 10min at 4�C. The cell pellet was re-suspended in 350 mL of

RLT lysis buffer + 1% v/v bmercaptoethanol, and RNA extracted with RNAeasy Microkit (Qiagen) according to manufacturer’s

instructions. RNA quantity was determined by QUBIT (Invitrogen); total RNA integrity was assessed by Agilent Bioanalyzer and

the RNA Integrity Number (RIN) was calculated; samples that had a RIN > 7 were selected for RNA amplification and sequencing.

RNA was amplified with Ovation RNA-seq Amplification kit v2 (Nugen) according to manufacturer’s instructions. Amplified RNA

was sent to Albert Einstein Genomic Facility (https://www.einstein.yu.edu/departments/genetics/resources/genomics-core.aspx)

or BGI (https://www.bgi.com/us/) where library preparation, fragmentation and paired-end multiplex sequencing were performed

(HiSeq 2000 and 2005, Illumina). All samples were processed and randomly assigned to lanes without knowledge of clinical identity

to avoid bias and batch effects.
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Semi-quantitative PCR
Cells were lysed and RNA extracted with RNAeasy Microkit (Qiagen) according to manufacturer’s instructions. Typically, 0.1 ug

of total RNA was reverse transcribed using Super Script Vilo kit (Invitrogen) and the cDNA generated was used for semi

quantitative PCR on a 7900 Real Time cycler (Applied Biosystem) as per manufacturer’s instructions using SYBR green master

mix (ThermoFisher). Target gene expression was normalized to the expression of the housekeeping gene GAPDH. Relative gene

expression was calculated using the standard 2-DDCT method. Primers were designed using Primer Bank (Wang et al., 2012).

The full list of primers used can be found in Key Resources Table.

Immunofluorescence and Quantitation
All tissues were fixed in 4%w/v paraformaldehyde, dehydrated and embedded in paraffin blocks; 5 mm sections were cut onto posi-

tively charged glass slides and stained with the following antibodies: CD163 (Leica Biosystems NCL-LCD163, Clone 10D6) dilution

1:1000, CD169 (Novus Biologicals, NPB2-30903, polyclonal) dilution 1:100. High throughput immunofluorescence was performed by

the SURF Facility at the University of Edinburgh (http://surf.ed.ac.uk/facilities/immunodetection-and-histological-imaging/) after

primary antibody optimization. Immunofluorescently stained tissues were batch-scanned on a Zeiss AxioScan.Z1 (Carl Zeiss, Ober-

kochen, Germany) with specific scan profiles for each stain group and using a 40x Plan-Apochromat 0.95NA coverslip corrected air

objective. Slide scanned images were imported into a Definiens Tissue Studio workspace (Definiens AG, Munich, Germany) and

pre-processed for nuclear detection and cell simulation using built-in nuclear detection and cell growth algorithms. The pre-

processed workspace was then imported into Definiens Developer XD (Definiens AG, Munich, Germany) for further processing,

quality control, machine learning, and k-Nearest Neighbour classification and output compiled in Mathematica 10.3 (Wolfram Inc.,

Champaign, Illinois, United States) and tabulated in a spreadsheet. Incomplete or low-quality nuclei and cells were discarded using

a combination of DAPI pixel intensities and standard deviation. For CD163, examples of 300 cells each were given for positive and

negative cases in a single large tissue sub-region of one cancer tissue previously identified to show the most variation of intensity.

These class samples were used to optimize a feature space consisting of 49 subjectively selected morphological, textural, statistical,

and intensity-based metrics. Feature space optimization indicated 19 features as being most important for separation of both

populations using a Euclidean distance matrix. A classifier algorithm was used to compile these 19metrics for each given class sam-

ple in each population and then used to classify all remaining cells in that tissue. A selection of at least 10 incorrectly classed cells

were then manually corrected and added to the relevant class sample populations before recompiling the 19-dimensional feature

space and reclassifying the whole tissue. This iterative learning process was repeated at least 10 times with a final sample size of

400-500 cells for each class. The classifier was stored as .xml and used to batch classify the entire data set of tissues from all

patients.

Multiplex Immunohistochemistry
Chromogenic sequential IHC was conducted with 5 mm of FFPE tissue sections. Following de-paraffinization, slides were

stained by hematoxylin (S3301, Dako) for 1 min, followed by whole tissue scanning using Aperio ImageScope AT (Leica

Biosystems). Slides were subjected to endogenous peroxidase blocking followed by heat-mediated antigen retrieval. Primary

antibodies were detected using a species-specific F(ab’) fragment-specific secondary antibody-labeled polymer-based perox-

idase system (Histofine, Nichirei Biosciences Inc, Japan) in conjunction with 3-amino-9-ethylcarbazole (AEC). Digital scanning

of antibody/chromogen staining, and stripping performed as described (Tsujikawa et al., 2017). Hematoxylin was used to iden-

tify cell nuclei. Regions of interest (ROIs) (three regions/slide), encompassing the total tissue area for quantitation were selected

using ImageScope (Leica). Images were co-registered (aligned) in MatLab utilizing a sift/surf algorithm. Color deconvolution

then performed to extract signal for quantitation of signal intensity and attribution of signal to single cells (based on masks

made in previous steps) performed in cell profiler. Image cytometry gating then performed in FCS Express 5 Image Cytometry

(De Novo Software) and cell populations determined using multiparameter cytometric image analysis. Cell populations were

normalized to total cell number (cells/total cells) and populations were quantified. Unsupervised hierarchical clustering was per-

formed using R package pheatmap_1.0.8. Correlation was used as a distance measure and average was used as clustering

method (Tsujikawa et al., 2017).
Target Company/Product# Clone Dilution

CD45 eBiosciences: 14-0459-82 H130 1:100

CD3 ThermoFisher Scientific:MA1-90582 SP7 1:150

CD8 ThermoFisher Scientific:MA5-13473 C8/144B 1:100

CSF1R abcam: ab183316 SP211 1:150

CD169 Millipore: MABT328 5F1.1 1:200

CD163 ThermoFisher: MA5-11458 10D6 1:100

CD56 Santa Cruz Biotech 123C3 1:100

CCR2 Novus: MAB150-SP 48607 1:400
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Antibodies Used for Multiplex IHC
CCL8 mRNA, SIGLEC1 and CD163 Protein Detection in Human Breast Cancer Biopsies

Mixed multiplex staining (RNAscope, Tyramide dual immunofluorescence) for CCL8 mRNA, CD169 (SIGLEC1) and CD163 protein

detection was performed on a Leica RX research-staining robot (Newcastle, UK). RNAscope (ACD Bio Newark, CA) was performed

using manufacturers recommendations using ACD LS2.5 Brown kit (322100) as follows. FFPE fixed breast cancer needle biopsies

were dewaxed in xylene and rehydrated through graded ethanol, following a brief rinse in water sections were washed in tris buffered

saline containing 0.01% v/v tween 20 (TBST). Slides were placed onto a Leica RX robot and stained using the manufacturer’s rec-

ommended LS2.5 Brown RNAscope protocol. mRNA integrity was assessed using PPIB (cat 313908) using the following standard

tissue pretreatments: ACD ER2 for 10min with ACD Protease 5min or ACD ER2 at 95�C for 15 min with ACD Protease 15min or ACD

ER2 at 95�C for 20 min with ACD Protease 25 min. Mild conditions (ACD ER2 95�C 10min) with ACD protease (5 min) were assessed

as providing optimal mRNA detection whilst maintaining both protein antigenicity and tissue section morphology of these relatively

delicate sections. Following tissue pretreatment the standard recommended protocol was followed, briefly AMP1 30 min, AMP2

15 min, AMP3 30 min, AMP4 15 min, AMP5 30 min and AMP6 15 min followed by visualisation in DAB for 20 min using standard

recommended washes. Modification of standard protocol for CCL8 (466498) to obtain a fluorescent endpoint involved omitting

DAB substrate and replacing with Tyramide Cy5 at 1:100 dilution (Perkin Elmer, NEL745001KT, Seer Green, UK).

Following CCL8 mRNA detection using RNAscope with Cy5, sections were sequentially stained for CD169 protein with Tyramide

Cy3 detection and CD163 with Tyramide FITC detection using heat elution between detections for specificity. Using a Leica RX robot

slides were subject to further Heat Induced Epitope Retrieval (HIER) using ER1 retrieval buffer for 10min at 99C, followed by blocking

in 3% Hydrogen Peroxide and 20% Normal Goat Serum. CD169 (Novus Biologicals, NBP2-30903, Cambridge, UK) was added to

sections at 1:100 dilution for 60 min followed by secondary antibody Goat anti Rabbit Peroxidase fab at 1:500 dilution (Abcam,

ab7171, Cambridge, UK) before visualisation with Tyramide Cy3 at 1:50 dilution. (Perkin Elmer, NEL744E001KT). Stripping of

antibodies from the tissue sections was performed for 10 min at 99C followed by blocking in 3% v/v Hydrogen Peroxide and

20% v/v Normal Goat Serum. CD163 (Leica Biosystems NCL-LCD163, Clone 10D6) was added to sections at 1:1000 dilution for

60 min followed by secondary antibody Goat anti Rabbit Peroxidase fab at 1:500 dilution (Abcam, ab7171) before visualisation

with Tyramide FITC (Perkin Elmer, NEL741001KT) at 1:50 dilution and counterstaining with DAPI at 1:1000 dilution. All washes

between incubations were for 2 x 5 min in TBST (Tóth and Mezey, 2007).

ELISAs
Human CCL8, TNFa, and IL1b protein levels were quantified by Duoset ELISA kits (R&D systems, USA) following manufacturer’s

instructions. Human CSF1 and CX3CL1 protein levels were quantified by quantikine ELISA kit (R&D systems, USA). CCL2 levels

were assessed in plasma from 15 healthy donors and 42 breast cancer patients using Legendplex bead-based immunoassays

(Biolegend) according to manufacturer’s protocol. Data were collected using the C4 Accuri (BD). All cell culture supernatants

were used undiluted.

Cytokine Array
Human Cytokine ELISA Plate Array (Signosis, EA-4002), consisting of one pre-coated plate able to detect 32 cytokines simulta-

neously for 3 independent human samples was used to quantify cytokines in supernatants from MDMs before or after cancer CM

stimulation. Detection of cytokines produced fromMDMs before or after CM stimulation was performed based on the manufacturers

instructions. 8.0 ml of MDM supernatants from each group was added into each well of the plate and incubated at room temperature

for 2 hr. After washing, 100ml of diluted biotin-labelled antibody mixtures were added into each well for another one-hour incubation.

After washing again, each well was incubated with detection antibody mix and then HRP, and the plate was read on a plate reader at

450 nm. The full list of proteins detected and raw data can be found in Table S4.

iPSDM-Cancer Cell Conditioned Medium Production
Human iPSDM culturemediumwas replacedwith 10% v/v FBSDMEM24h before CM incubation. iPSDMwere incubated withMDA-

MB-231 and -468 CMs (prepared as described above) for 24 hr and then medium was changed; after medium change, cells were

cultured for an additional 24 hr with fresh medium and thereafter, cell free supernatants were harvested and directly used for the

experiment.

TNFa Neutralization in Conditioned Medium
iPSDM-Cancer cell conditioned medium was incubated for 24 hr with 1.0 mg/ml of mouse anti human TNFa neutralizing antibody

(R and D systems, USA, MAB210-SP, Clone 1825) or 1.0 mg/ml of mouse IgG1 isotype control (R and D systems, USA, MAB002).

Efficacy of anti-TNFa antibody neutralization was tested by TNFa ELISA before use.

PCR Arrays
PCR-based microarrays for evaluating the expression of genes mediating the inflammatory response were performed using the

human inflammatory cytokines and receptors RT2 Profiler TM PCR array (Qiagen, PAHS-011ZE-4); PCR-based microarrays for

evaluating the expression of genes in breast cancer cell lines were performed using the Breast cancer PCR array RT2 Profiler TM

PCR array (Qiagen, PAHS-131Z-4) and the TumorMetastasis PCR array RT2 Profiler TMPCR array (Qiagen, PAHS-028Z). The arrays
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were configured in a 384-well plate consisted of a panel of 92 genes and 4 endogenous genes. Reverse transcription was performed

using the RTC First Strand Kit (Qiagen, 330401) and qPCR was performed using RTC SYBR Green/ROX PCR Master mix

(Qiagen, 330521), and the raw data were analyzed by the GeneGlobe Data Analysis Center (www.qiagen.com) according to the

manufacturer’s instructions.

Cell Proliferation Assay
Cell proliferation was determined using the Cell Counting Kit (CCK)-8 assay (Sigma-Aldrich, 96992) according to the manufacturer’s

instructions. A total of 5,000 cells were seeded into each well in the 96-well plates and allowed to attach overnight. Cells were then

treated with 0.1 ng/ml, 1.0 ng/ml or 10 ng/ml CCL8 (R&D Systems). After the treatment (6 to 72 hr), a CCK-8 solution was added to

each well and then cells were incubated at 37�C for 2 hr. Cell proliferation was measured using the microplate reader and the

proliferation of cells was defined as OD450-OD620.

In Vitro Cell Migration Assay
Cells were grown in DMEM with 10% v/v FBS in 12-well plates until they reached confluence; after 24 hr of starvation (DMEM 0%

FBS), a scratch was performed using a p200 tip. Recombinant CCL8 and CCL2 (R & D systems) were used at 1ng/ml concentrations

in all the experiments. Cells were filmed for 24 hr in a 37�C thermostatic chamber using an Axiovert Scope. 2-3 independent sections/

well were filmed and 4 independent experiments per condition were performed. Data analysis was performed with Image J (NIH)

(Liang et al., 2007).

Chemotaxis Assay
THP1 chemotaxis was performed using Essen Biosciences reagents. THP1 cells were cultivated in RPMI medium with 10% v/v FBS

and seeded at 4000 cells/well in 96 well chemotaxis plates (Essen Biosciences) in the presence or absence of 20 ng/ml recombinant

human CCL2 or CCL8 (R & D systems). Migration was recorded every hour for 72 hr using the IncuCyte system (Essen Bioscience)

and number of cells migrated was calculated using IncuCyte quantification software.

QUANTIFICATION AND STATISTICAL ANALYSIS

Sequencing Alignment and Quantification
FastQ files of 2x100bp paired-end reads were quality checked using FastQC (Andrews, 2012). Samples were filtered for low quality

reads (Phred score >= 20) and adapters were removed when necessary using Cutadapt. Quality controlled reads were then aligned

to the Human reference genome (GRCh37/hg19) using STAR aligner (version 2.3) (Dobin et al., 2012). Quantification of genes was

performed using the count function of HTSeq (Anders et al., 2014). Reads were counted at the gene level and the unstranded option

was used (-s no).

Statistical Analysis for RNA-seq Data
All statistical calculations were performed in R programming language (version 3.2.3). For macrophage samples, genes with count

per million (CPM) reads > 1 in at least N samples (N number of the fewest replicates of a condition) was retained. Gene expression

levels were normalized using the Trimmed Mean of M-values (TMM) method using the calcNormFactors() function and log2 trans-

formed using the cpm() function from the EdgeR package in R (Robinson and Oshlack, 2010). Differential expression analysis was

performed with sample quality weights using the package limma-voom package in R (Ritchie et al., 2015). For monocyte samples,

gene expression levels were normalized according to upper-quantile normalization using calcNormFactors() function and log2 trans-

formed using the cpm() function. Normalized readswere fed to the Combat function of the Surrogate Variable Analysis (SVA) package

(Leek, 2014). Samples were corrected on the basis of the sequencing batch they were processed. Differential expression analysis

was performed using the limma package. Significantly differentially expressed genes (DEGs) were selected with controlled False

Positive Rate (B&Hmethod) at 5% (FDR <= 0.05). Upregulated genes were selected at a minimum log2 fold change of 1.5 and down-

regulated genes at a minimum log2 fold change of -1.5. PCA plots were drawn using the TMM/log2 transformed (macrophages) or the

batch effect corrected (monocytes) normalized values on expressed genes. Heatmaps were drawn on the normalized expression

matrix using the pheatmap package in R. Euclidean distance and complete linkage were used for hierarchical clustering. Venn

diagrams were constructed based on the overlapping differentially expressed transcripts (FDR <= 0.05, Log2FC more or less than

1.5/-1.5).

Enrichment and Pathway Analysis
Gene set enrichment analysis was performed using the gsea() function from phenoTest package in R (Planet, 2013). The function is

used to compute the enrichment scores and simulated enrichment scores for each variable and signature. For our analysis, the logs-

cale variable was set to false, as the log2 transformed expression values were fed into the function and 20,000 simulations were used

(B = 20,000). The Database for Annotation, Visualization and Integrated Discovery (DAVID) functional annotation tool was used for

gene ontology and pathway (KEGG and Reactome) analysis on the list of differentially expressed genes (FDR <= 0.05, Log2FC

more or less than 1.5/-1.5). Important GO terms and pathways were selected based on an FDR <= 0.05.
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Recursive Feature Elimination with Random Forest
Recursive feature elimination (RFE) is a wrapper feature selection method that starts by fitting the classification model to all features

and then each feature is ranked for its importance to the model. We assume that S is a sequence of values that indicates the number

of features to be retained. At each iteration, the Si top ranked features are used to refit the model and the subset of genes with the

highest accuracy is selected. We used the RFE feature selection with resampling and a Random forest (RF) classifier as implemented

in the caret package in Bioconductor (Kuhn, 2015). In brief, RF is an ensemble learning method that constructs many decision trees

(forest) and uses amajority vote tomake predictions (Breiman, 2001). AssumingN number of samples in the training set, the algorithm

creates a subset of the data of the N samples with replacement, and at each node,m number of genes are selected at random from all

the genes M. The variablem that gives the best split is selected and used for a binary split. This procedure is repeated for each node

until the tree is grown to terminal nodes k.

Before model training and feature selection, the breast TEMo dataset of n = 77 samples (32 healthy, 45 breast cancer) was filtered

for lowly expressed genes (CPM > 1 across conditions), normalized using upper-quantile normalization, log2 transformed using the

cpm() function and corrected for batch effects using ComBat. Then, the dataset was split into training (70%, n = 55, 32 healthy, 23

cancer samples) and testing (30%, n = 22, 13 healthy, 9 cancer samples). While the test set was kept on the side, the training set was

used for RFE-RFmodel training and feature selection using 5 times repeated 10-fold cross-validation (CV). In short, the training sam-

ples were randomly partitioned into k (k = 10) subsamples. Out of the k sub-samples, one is kept for testing the classifier, and the

remaining k-1 subsamples are used for training the classifier. Then the whole process is repeated n= 5 times. For the training set,

overall accuracy, sensitivity and specificity were calculated averaging the CV predictions for the optimal subset. The model with

the highest average accuracy was selected as optimal. The optimal model was the fitted on the test set that had not been used

for training or feature selection. For the RFE-RF model, we selected subsets of features ranging between 2 to 30, variable ntree

was set to 500 trees and variable mtry was calculated as Op, where p is the number of features used during training the model.

The receiver-operating characteristic (ROC) curves were drawn using the ROCR package in R (Sing et al., 2005). To determine

the accuracy rates of the classifiers that can be obtained by chance, a RF model using the 17 selected genes was trained with

permuted class labels. This process was performed during training 1,000 times using 5 x 10-fold CV. The accuracy of the 1,000

random classifiers was recorded. The p value was calculated by counting the accuracy of the random classifiers that achieved similar

or higher total accuracy compared to the observed accuracy of the RFE-RF model on the training data.

Publically Available Datasets
The following publically available datasets were used in this study:

a) Karnoub et al. (GSE8977) (Karnoub et al., 2007): total of 22 samples coming from breast ductal carcinoma-in-situ (DCIS)

patients (n = 15) and invasive ductal (IDC) breast cancer patients (n = 7) were downloaded from GEO. Samples we processed

and normalized using the robust Multi-Array average expression measure (RMA) from the affy package in R. Probes represent-

ing the same gene were averaged to a single value.

b) Finak et al. (GSE9014) (Finak et al., 2008): total of 59 samples coming from breast cancer stroma patients (n = 53) and healthy

controls (n = 6) including updated clinical information were downloaded from GEO. Technical replicates were averaged to

a single array using the averarrays() function from limma package in R. Data were then quantile normalized using the normal-

izeQuantiles() function. Samples were annotated and probes representing the same gene were averaged to a single value.

c) METABRIC cohort (Curtis et al., 2012): Microarray gene expression data and associated clinical information (n = 1980) (Log2
transformed intensity values) were downloaded from the cBioPortal for cancer genomics database (http://www.cbioportal.org/

) under the study name Breast cancer. Gene expression values were quantile normalized and samples with gene expression

and corresponding clinical information were selected resulting in n = 1353 patients. Data were filtered for missing values and

samples with molecular subtype NC were removed. The filtering resulted in n = 1350 patients that were used for further anal-

ysis. For survival analysis, events were censored based on disease-related deaths (Died of disease = 1; Living or Died of other

causes = 0).

d) Cancer cell Encyclopedia (CCLE) data: Gene expression RPKM normalized reads from breast cancer cell lines (n = 57) were

downloaded from the CCLE website (https://portals.broadinstitute.org/ccle).
TAM Signature
As a starting point for the selection of the immune signature we used the upregulated genes in Br-TAM compared to Br-RM (n = 553,

Log2FC > 3 and FDR < 0.05). This gene list of highly differentially expressed genes was filtered using the compendium of immune

genes that includes 17 immune cell-specific gene sets as initially assembled by Bindea et al. and Charoentong et al. (Bindea

et al., 2013; Charoentong et al., 2017) and most recently validated by Tamborero et al. (Tamborero et al., 2018) (Table S3).

After filtering, n = 528 TAM related genes were selected. In order to identify the most relevant genes we used the METABRIC

cohort and correlation analysis. Genes were considered coexpressed when having an absolute Pearson correlation of R >= 0.5

(findCorrelation() function from the caret package in R (Kuhn, 2015). This threshold was selected in order to satisfy two main

aims: a) genes with relatively high correlation would not be considered a chance event; b) selection of a relatively small number of

genes in order to be suitable for gene set enrichment and survival analysis (Charoentong et al., 2017). Additionally, genes were
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selected based on their positive Pearson correlation (R > 0.5, p <= 0.05) with known TAM marker CD163, resulting in n = 37 genes

(Table S3). Finally, we downloaded breast cancer cell line data from the CCLE database (n = 57 breast cancer cell lines) in order to

filter out genes expressed by tumor cells. Genes with median expression of Log2RPKM> 6were considered expressed in tumor cells

(TAM:median = 0.031). This resulted in a set of 37 genes expressed by TAMs and not tumor cells or other immune-specific signatures

(Table S3). The TAM and macrophage signature scores were calculated as the median of expression of the TAM or macrophage

signature genes (Tamborero et al., 2018) using the median centered normalized values.

Survival Analysis
For the TAM signature and SIGLEC1/CCL8 signature the summed normalized gene expression values were dichotomized based on

the optimal cutoff calculated by iteratively calculating every possible expression cutoff (n-1) and selecting the value with the lowest

p value (Pearce et al., 2017). For theMETABRIC cohort, disease-specific survival (DSS) was used as an endpoint. For the breast can-

cer stroma dataset, recurrence-free survival (RFS) was used as an endpoint and censored at date of last follow-up. Survival curves

were estimated using the Kaplan Meier method (survival and survminer R packages). For SIGLEC1 and CCL8 single gene survival

analysis, clinical risk factors such as ER status (+/-), PR status (+/-), Her2 status (+/-), histological grade (I, II or III), age (greater or

less 55) and tumor size (greater or less than 50mm) were used in the univariate andmultivariatemodels. Candidate prognostic factors

for RFS and DSS with a p value (Wald test) lower than 0.05 in univariate analysis were used in the multivariate analysis. Multivariate

analysis was performed by fitting a Cox proportional hazard regression model. The Cox regression model was used to calculate the

Hazard ratio (HR) and 95% confidence internal (CI). A p value less than 0.05 based on a Wald test was considered significant.

RNA-seq of Total Tissue Breast Cancer
RNA isolated from 47 breast cancer tumors (cohort 3) was utilized for RNA-seq. These RNA samples were converted into a library of

cDNA fragments. Illumina sequencing adapters were added and 50 bp single end read sequence was obtained using Illumina HiSeq.

Quality check was performed on these sequence reads using FastQC. PCR primers and adapters were filtered out of the sequence

reads using Trimmomatic (Bolger et al., 2014). Filtered reads were aligned to reference genome build hg19 using TopHat 2.0.12, a

splice junction aligner (Kim et al., 2013). Aligned sequenceswere assembled into transcripts. Transcript abundancewas estimated as

Fragments Per Kilobase of exon per Million fragments mapped (FPKM), using Cufflinks 2.2.1 (Roberts et al., 2011; Trapnell et al.,

2010). FPKMestimateswere normalized usingCuffnorm. Further data was quartile normalized and batch effects were removed using

ComBat (Johnson et al., 2007). Samples were classified into CSF1 High, Mid and Low expression groups using K-means clustering

on the expression of CSF1 signature genes (Beck et al., 2009). TAM signature score was estimated from the median of expression of

TAM signature genes. Samples were assigned to breast cancer subtypes based on hierarchical clustering of PAM50 genes (Parker

et al., 2009). Clustering was performed using R package pheatmap_1.0.8. Correlation was used as a distance measure and average

was used as clustering method.

Statistical Analysis
Statistical significance was calculated by Student’s t-test when comparing two groups or by one-way or two-way ANOVA when

comparing three or more groups. A p value < 0.05 was considered as statistically significant.

DATA AND SOFTWARE AVAILABILITY

The accession numbers for the RNA seq data reported in this paper are GSE100925 and GSE117970.
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