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SUMMARY 

Human mononuclear phagocytes comprise phenotypically and functionally 

overlapping subsets of dendritic cells (DCs) and monocytes, but the extent of the heterogeneity 

and distinct markers for subset identification remains elusive. By integrating high-dimensional 

single-cell protein and RNA expression data, we identified distinct markers to delineate 

monocytes from conventional DC2 (cDC2s). Using CD88 and CD89 for monocytes and HLA-

DQ and FcRI for cDC2s allowed for their specific identification in blood and tissues. We 

also showed that cDC2s could be subdivided into phenotypically and functionally distinct 

subsets based on CD5, CD163 and CD14 expression, including a distinct subset of circulating 

inflammatory CD5-CD163+CD14+ cells related to previously defined DC3s. These 

inflammatory DC3s were expanded in systemic lupus erythematosus patients and correlated 

with disease activity. These findings further unravel the heterogeneity of DC sub-populations 

in health and disease and may pave the way for the identification of specific DC subset-

targeting therapies. 
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INTRODUCTION 

 

Mononuclear phagocytes (MNPs) comprise a heterogeneous population of cells 

historically assigned to subsets based on their phenotype, ontogeny, transcriptomic profiles and 

their specialized functions (Guilliams et al., 2014). MNPs comprise dendritic cell (DC) and 

monocyte subsets in the blood and tissues, as well as macrophages and monocyte-derived cells 

(MCs) in tissues (Dutertre et al., 2014; Tang-Huau and Segura, 2018). It is important to clearly 

delineate these subsets to study their functions, as particular MNP subsets are increasingly 

recognized as having important roles in many inflammatory and autoimmune diseases 

(Klarquist et al., 2016; Tan-Garcia et al., 2017). A clear method to identify these various 

subsets in the blood and tissues, as well as in health and disease, is challenging as their 

phenotypes are often overlapping (Guilliams et al., 2014, 2016a). 

DCs and MCs represent two complementary and integrated functional systems in time 

and space (Guilliams et al., 2014). DCs specifically depend on fms like tyrosine kinase 3 

(FLT3) for their differentiation and proliferation (Merad et al., 2013). They classically include 

plasmacytoid DCs (pDCs) that are highly specialized in type I interferon production, and 

conventional DCs (cDCs) that are major subsets involved in antigen presentation and 

modulation of immunity. Importantly, the DC nature of pDC is under debate, as they have been 

shown to differentiate from B-cell progenitors (Rodrigues et al., 2018), and thus could be more 

related to the innate lymphoid cell family (Dress, R. and Ginhoux, F., 2019). cDCs are further 

subdivided into two major lineages: cDC1, with superior antigen cross-presentation to CD8+ T 

cells, and cDC2 that perform a wide spectrum of functions, including antigen presentation to 

CD4+ T cells and priming to T helper 2 (Th2) and Th17-type responses (Guilliams et al., 2014). 

Importantly, DC subsets depend on critical transcription factors for their differentiation 

including IRF8 and BATF3 for cDC1 (Aliberti et al., 2003; Hildner et al., 2008) or IRF4 and 

KLF4 for cDC2s (Guilliams et al., 2014, 2016b; Schlitzer et al., 2013; Tussiwand et al., 2015). 

While cDC1s express several highly specific markers (CLEC9A, XCR1, CADM1) allowing 

their precise delineation, cDC2s express less specific defining markers that often overlap with 

monocytes.  

Monocytes are highly heterogenous, plastic cells that patrol blood vessels and can 

migrate to tissues, where together with resident macrophages, they have central roles in tissue 

homeostasis maintenance and inflammation (Ginhoux and Guilliams, 2016; Schlitzer et al., 

2015a). Monocytes differentiate into MC with features characteristic of both macrophages and 

DC, the latter mostly during inflammation. MC can acquire a multitude of functional 
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capabilities that are largely determined by the inflammatory milieu to which they are recruited. 

In human blood, monocyte subsets are defined based on their relative expression of CD14 and 

CD16 (Dutertre et al., 2012) — two membrane proteins with supposed restricted expression to 

monocytes among all circulating MNP. Such restricted expression is now under debate, as in 

the blood, classical monocytes (cMos; CD14hiCD16-) and CD1c+ cDC2 [which comprise 

subpopulations DC2 and DC3 as defined by Villani et al. (Villani et al., 2017)] are 

phenotypically related and form a continuum, with cells falling in between that express markers 

of both cell types including the cDC2 marker CD1c, and the monocyte markers CD14 and 

CD11b. Similar intermediate pro-inflammatory cells also accumulate in inflamed tissues and 

while they seem to be derived from monocytes, they are functionally different due to their 

cDC2-specialized capacity to stimulate autologous CD4+ T cells (Segura et al., 2013). Thus, 

understanding the currently debated nature of these cells could allow their manipulation in 

pathologic settings. 

To address this, we combined high dimensional protein and RNA expression data of 

human circulating DC and monocytes with machine-learning-based approaches to precisely 

delineate these cells and unravel their heterogeneity. We found that blood 

CD1c+CD163+CD14+ pro-inflammatory cells were not monocytes but one of the four 

phenotypically and functionally distinct subsets contained in the broader cDC2 gate, and also 

related to the DC3 subpopulation defined by Villani et al. (Villani et al., 2017). The relevance 

and importance of these cDC subsets was confirmed with the specific accumulation of CD163+ 

DC3s, which comprise CD14+ DC3, in the blood of patients with systemic lupus erythematosus 

(SLE). At the transcriptional level, these cells exhibited a strong pro-inflammatory profile and 

functional activation features, including a strong capacity to prime naïve CD4+ T cells towards 

Th2 and Th17 cells and secrete pro-inflammatory mediators that might contribute to disease 

physiopathology. Our results not only offer insights into MNP heterogeneity, clarifying the 

identification of monocyte vs cDC populations, and pave the way for the design of therapeutic 

strategies based on manipulating specific DC2 and DC3 subsets. 
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RESULTS 

 

Unbiased identification of monocyte and DC specific markers using the InfinityFlow 

pipeline 

To identify monocyte-specific and DC-specific markers, we carried out 332 flow 

cytometry (FACS) stainings from a single human blood donor; all stainings included a set of 

14 ‘backbone” markers (to define all known monocyte and DC subsets) and one “variable” PE-

conjugated antibody (see Star Methods). We reasoned that this experimental setting was 

amenable to machine learning approaches, to predict the signal from PE-conjugated antibodies 

(each measured on 1 staining out of 332) for all cells by a regression-based approach integrating 

the expression of backbone markers (measured in the 332 FACS stainings). To achieve this, 

we used Support Vector Machines (SVM) — a multi-purpose machine learning framework 

that is accurate, robust to noise (Newman et al., 2015) and can be used for regression purposes 

(Schölkopf et al., 2000) and single-cell classification problems (19). 

Using SVM regression and starting from live CD45+CD3-CD20-HLA-DR+ cells, we 

generated 332 flow cytometry files (fcs) that included the 14 backbone markers, the PE variable 

marker and 332 predicted variable markers (Figure 1A, Table S1). These generated files were 

processed using non-linear dimensionality reduction via t-stochastic neighbour embedding 

(tSNE) (Van der Maaten and Hinton, 2008) and Phenograph clustering (DiGiuseppe et al., 

2018; Levine et al., 2015) algorithms using the 332 predicted dimensions (Figure 1B and Figure 

S1A-B). All previously described monocyte and DC subsets were delineated based on 

Phenograph clusters (n=24) and on known markers contained in the backbone staining but were 

shown to express additional markers, including: CD45RO, CD93, HLA-A2, CD262 (TRAIL-

R2/DR5), CD164, CD226 (DNAM-1), CD298, CD51 (Integrin V), Integrin 5, CD81, 

CD275 (ICOS-L), CD54 (ICAM-1), FCRL6, CD290 (TLR10), Tim-3 (CD366), CD200 and 

CD319 (CRACC) for cDC1s; Integrin 7, CD200R, CD180 and CD101 for cDC2s; CD71, 

CD324 (Cadherin-1), CD271 (NGFR) and CD182 (CXCR2) for pre-DCs; CD55, Mac-2, 

CD261 (TRAIL-R1), CD114 (CSF3R), CD35 (CR1), CD11b-activated and CD89 (FcR) for 

classical monocytes (cMos); CD215 (IL-15RA) and CD105 for intermediate monocytes 

(iMos); and CD102 (ICAM-2), CD52, CD282 (TLR2), CD88 (C5AR), CD85d, C3AR and 

CCR10 for non-classical monocytes (ncMos) (Figure 1C, Figure S1C and Figure S2A). 

We recently described the presence of pre-DCs and their corresponding committed pre-

cDC1 and pre-cDC2 fractions (See et al., 2017). While pre-cDC1s were too rare to be analyzed 
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here, pre-cDC2s, which are an intermediate between early pre-DCs and cDC2s, expressed 

CD22, CD26, CD181 (CXCR1), CD182 (CXCR2), CD183 (CXCR3), CD270 (HVEM), 

CD271, CD85g, CD294, CD324 (E-Cadherin), CD229, CD303, BTLA and CD319. Pre-cDC2s 

had the highest HLA-DQ and Integrin 7 expression compared to all DCs (Figure S2B). 

These data represent a unique resource of markers specifically or highly expressed by 

all previously defined blood mononuclear cell subsets. 

 

cDC2s include CD1cloCD14+ cells and are phenotypically different from monocytes 

Our analysis identified a need to clarify the relationship between cDC2 subsets and 

monocytes, as illustrated by the phenotypic overlap between cDC2s and cMos observed in the 

tSNE generated using the 332 predicted dimensions (Figure 1B). When including the 332 

predicted-dimensions, cDC2s and cMos were connected at their junction by cells that 

expressed low CD1c but intermediate-to-high CD14 expression (Figure 1B and Figure S1B). 

We thus addressed whether including only MNP discriminating markers defined in Figure 1C 

could help resolve these subsets (Figure 1D and Figure S1D). Indeed, when reducing the 

analysis to only 92 MNP discriminating markers in a new tSNE space, the CD1cloCD14hi cells 

were distant from monocytes and formed, together with cDC2s, an independent population 

(Figure 1D and Figure 2A).  

To identify the most reliable markers to discriminate between cDC2s and cMos, we 

computed Area Under the ROC Curve (AUC) statistics, which measures the overall specificity 

and sensitivity of a continuous variable to predict a binary one (Figure 2A-B and Figure S3A). 

While the commonly used cDC2 and cMo markers (CD1c and CD14 respectively) showed 

variable expression among cDC2s, AUC analysis revealed several more resolutive markers, 

including FcRI and HLA-DQ as the most reliable markers expressed by all cDC2s, and 

CD88 and CD89 restricted to cMos (Figure 2C and Figure S3B-D). 

Recently, Hamers et al. addressed the heterogeneity of human blood monocytes and 

subsetised them into 8 clusters among which, cluster #8 comprised CD14+CD163+CD1c+ cells 

that bound IgE, most probably through the IgE-Fc receptor (FcRI) (Hamers Anouk A.J. et 

al., 2019). When applying a similar gating strategy (the “slan” marker being absent from our 

analysis, we gated on CD16+CD14lo monocytes to approximate Slan+ monocytes, Figure S3E), 

the InfinityFlow pipeline revealed that cells from Hamers et al.’s cluster 8 corresponded to 

CD14+ cDC2s (Figure S3F). 
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To confirm that CD1cloCD14hi cells were phenotypically related to cDC2s and not to 

cMos using real and not predicted protein expression, we carried out a Principal Component 

analysis (PCA) of the cells that fell in between cDC2s and cMos using the 14 backbone markers 

(Figure S3G-J). The PC1 dimension, which explained the progression from cDC2s to cMos, 

was divided into 40 bins each containing 2.5% of the cells. These 40 bins were then processed 

by tSNE/Phenograph using their mean fluorescence intensity of the 332 predicted dimensions. 

The data confirmed that bins containing CD1cloCD14hi cells (Phenograph cluster #2) were 

connected to cDC2 bins (Phenograph #1) and distant from cMo bins (Phenograph #3) (Figure 

S3I-J). Combining these discriminating markers by conventional FACS allowed clear 

delineation of FcRI+CD1c+/lo cDC2s from CD88+CD89+CD14+ cMos, by both manual 

gating and the UMAP (Uniform Manifold Approximation and Projection for Dimension 

Reduction) dimensionality reduction algorithm (Becht et al., 2018; McInnes et al., 2018) 

(Figure 2D-F and Figure S3K). Note that by manual gating, some cells falling in the cDC2 

population (UMAP space) were defined as cMos (blue), confirming that unsupervised analysis 

outperforms classical manual gating (Becht et al., 2019; Guilliams et al., 2016a) (Figure 2E-

F). 

To validate our findings in tissues other than blood, we analyzed human blood, spleen 

and tonsil by Cytometry by Time-of-Flight (CyTOF). Using the discriminating markers 

mentioned above, we found that cDC2s formed a clearly delineated population independent of 

monocytes and macrophages in these three tissues (Figure 2G-H and Figure S3L). Although 

all cells from each MNP subset (e.g. cDC2s) from all tissues were regrouped in independent 

clusters in the tSNE space, they showed some phenotypic variation in-between tissues, but the 

discriminating marker expression patterns were conserved across tissues (Figure 2I and Figure 

S3M-O). The top discriminating markers, FcRI and HLA-DQ for cDC2s and CD88 and 

CD89 for cMos, were expressed and remained discriminating in both the spleen and tonsil. 

 

CD1cloCD14+ cDC2s are FLT3L-dependent and clearly delineated from monocytes 

A hallmark of cDC2s compared to monocytes is their dependency on FLT3 ligand 

(FLT3L) and transcription factors including IRF4 and KLF4 for differentiation and 

proliferation (Merad et al., 2013; Schlitzer et al., 2013). Analysis of seven patients that received 

FLT3L treatment (see Star Methods for patient information), showed that the proportions of 

both CD1c+CD14- and CD1cloCD14+ cDC2s (both being CD88lo/-CD89lo/-) were increased 

while the proportion of CD14hiCD1c- cMos was reduced (Figure 2J-K and Figure S3P) 
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compared to before having received FLT3L (D0). In addition, cMos exhibited low expression 

of the cDC2-specific IRF4 transcription factor that was highly expressed by CD1c+CD14- and 

CD1cloCD14+ cDC2s and the latter cells also expressed lower KLF4 and higher NOTCH2 than 

CD1c+CD14- cells (Figure 2L). These findings are consistent with the functionally distinct 

murine cDC2 subsets defined by Tussiwand et al. (Tussiwand et al., 2015). 

To further clarify the relationship between CD1c+CD14+ cells, cDC2s and cMos at the 

gene expression level, we index-sorted all blood cDC and monocytes from the Lin-HLA-DR+ 

gate and analyzed the cells by single-cell RNA sequencing (scRNAseq) (Figure S4A-B). The 

indexed (FACS) data from sorted cells was processed together with the FACS data of the full 

sample using tSNE showing the distribution of sorted cells among DC subsets and monocytes 

(Figure 3A and Figure S4C). Here, 89% of sorted cells qualified for scRNAseq (SMARTseq2) 

and data analysis with the Seurat pipeline, and the Phenograph clustering algorithm identified 

eight cell clusters (Figure 3B-C, Figure S4D and Table S2). Based on clusters’ differentially 

expressed gene (DEG) and protein (indexed) expression, all previously defined DC and 

monocyte subsets were identified, including cDC2s (clusters #2 and #4), monocytes (clusters 

#1 and #3, CD14hiCD16-; and cluster #7, CD16+ monocytes), and a population of 

contaminating cells expressing natural killer (NK) cell signature genes (GZMH, NKG7 and 

GNLY) and at the protein level had a typical CD16+/-HLA-DRlo NK cell phenotype (cluster 

#5; Figure 3C-D and Figure S4F). 

Next, we addressed whether CD1cloCD14+ cells were related to cDC2s rather than to 

monocytes at the transcriptome level, as observed by our high dimensional protein expression 

analysis (Figure 2A-I). Here, we carried out manual gating of DC subsets and monocytes using 

the indexed protein expression data. We first confirmed the identity of the cell clusters obtained 

by the Seurat/Phenograph scRNAseq data analysis, and secondly demonstrated that 

CD1cloCD14+ cells were detected among cDC2 cluster #4 and were distinct from monocytes, 

thus confirming our protein-level findings at the RNA level (Figure 3E-F Figure S4E and 

Figure S4G).  

Villani et al. recently proposed a new classification of human blood MNPs, identifying 

six DC (DC1 to DC6) subsets, among which DC2s and DC3s were defined as two cDC2 

subsets, and four monocyte (Mono1 to Mono4) subtypes by scRNAseq (Villani et al., 2017). 

We found that the signature genes for DC1s, DC2s, DC5s (AXL+SIGLEC6+ AS-DCs) and 

DC6s identified by Villani et al. were enriched in cells defined here as cDC1s, cDC2s (more 

in cluster #2 then #4), pre-DCs and pDCs, respectively. The highest expression of signature 

genes of DC3s (subset of cDC2) was detected in our cMo cluster #1 and at also at a lower level 
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in cDC2 cluster #4. DC4 signature was the highest in our CD16+ monocytes but not detected 

in any DC (Figure 3G-H and Figure S4H). The fact that Villani et al. defined the DC signature 

by comparing them to the other DCs and not to monocytes could explain the high expression 

of monocyte-related genes by DC3s, but our results indicate that DC4s could correspond to 

CD16+ monocytes. We also compared how early pre-DCs and DC5s (AS-DC) were defined by 

See et al. and Villani et al., respectively (See et al., 2017; Villani et al., 2017) by conventional 

flow cytometry. AS-DCs indeed comprised most pre-DCs but also included 

CD45RA+CD123loCD1c+ pre-cDC2s and AXL+CD45RA-CD1c+ cDC2s (Figure S4J-K). We 

next looked at the expression of signature membrane protein markers of DC1s to DC6s, as 

defined at the RNA level by Villani et al (Figure 3I). While DC1s (cDC1s), DC2s (subset of 

cDC2s), DC5s (AS-DCs) and DC6s (pDCs) markers were highly expressed by cDC1s 

(CLEC9A, BTLA, CD135), cDC2 (CD1c, CD1d, FcRI), pre-DCs (CD22, CD5, CD169) and 

pDCs (CD85g, CD303, CD123), respectively, signature markers of DC3s (subset of cDC2s; 

CD163, CD14, CD36) were expressed at a higher level by cMos and a subset of cDC2s. The 

expression of DC4s’ (CD1c-CD141- DCs; CD16, CD85d, CD88) signature markers was 

restricted to monocytes and was the highest in CD16+CD14lo ncMos, confirming our indexed-

scRNAseq-based findings. Taken together, our RNA and protein data suggest that DC4s are 

CD16+ monocytes while DC3s may be related to cMos. 

However, Villani et al., defined DC3 signature genes by comparing DC subsets with 

each other but not to monocytes, which could explain why their signature comprises mostly 

monocyte-related genes, such as S100A8, S100A9 and CD14. Because cDC2 clusters #2 and 

#4 were more enriched in DC2 and DC3 signature genes in our analysis, respectively (Figure 

3G-H and Figure S4H), we first performed a DEG analysis comparing clusters #2 and #4 and 

then a DEG analysis between cluster #4 and all other cells. In this way, we revealed specific 

cluster #4 (related to DC3s) signature genes, including LMNA, CDKN1A and F13A1 (Figure 

S4I). As compared to cDC2 cluster #2, cDC2s from cluster #4, that correlate with Villani et 

al.’s DC3s, expressed more monocyte-related genes, including CD14, S100A8 and S100A9 

and were enriched for genes involved in the “role for IL-17A in Psoriasis” pathway. cDC2s 

from cluster #2, that correlate with Villani et al.’s DC2s, expressed more genes of professional 

antigen presenting cells, including MHC-II molecules, and were enriched for genes involved 

in many DC-related pathways including the “antigen presentation” and the “Th1” and “Th2” 

pathways (Figure S4L-M). We also confirmed that the Mono1 and Mono3 signature genes 

identified by Villani et al. corresponded to cMos and that Mono2s corresponded to CD16+ 
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monocytes. Mono4 signature genes were detected only in cluster #5, which comprised 

contaminating NK cells (Figure 3G-H). 

 

cDC2s are phenotypically, functionally and molecularly heterogeneous 

The study by Villani et al. unraveled cDC2 heterogeneity, and although they excluded 

CD14+ cells in their gating strategy, it showed that this group of cells could be sub-divided into 

two populations, DC2s and DC3s. Since we showed in our high dimensional protein 

(InfinityFlow) and scRNAseq analyses that CD1cloCD14+ cells are phenotypically related to 

cDC2s and not to monocytes and were comprised in the DC3-related subset of cDC2s 

(scRNAseq, cluster #4), we aimed to address cDC2 heterogeneity in an unsupervised and 

unbiased manner. In the tSNE space obtained using the MNP discriminating markers from 

Figure 1D, we extracted cDC2s and performed a PCA/Phenograph analysis using the 332 

predicted markers (Figure 4A-B and Figure S5A). This analysis revealed that CD14, CD5 and 

CD163 were the top three loading markers that explained the greatest variance of the first two 

principal components (PC; Figure 4C and Figure S5B-C). CD5+ cells were all CD163-CD14- 

and showed the greatest expression of several markers also expressed by pre-DCs and pre-

cDC2s (Figure 4D-E, Figure S5D). We further identified three populations among CD5- cells: 

CD5-CD163- cells, CD163+CD14- cells and CD1cloCD163+CD14+ cells, which had the greatest 

CD163 expression, as well as several monocyte-related markers, including CD11b and CD64. 

Non-linear dimensionality reduction (UMAP, isoMAP) and pseudo-time (NBOR, Wishbone) 

analyses confirmed the phenotypic progression from CD5+ cells, that expressed pre-DC-related 

markers, towards CD5-CD163- cells, then towards CD163+CD14- cells and finally 

CD163+CD14+ cells (Figures S5E-G and S5H-K). Some of these pre-DC-related markers were 

also defined in our previous study at the RNA level (Figure S5L) (See et al., 2017). Note that 

Wishbone, a branching pseudo-time analysis method, revealed only one branch starting from 

CD5+ cells and finishing with CD163+CD14+ cells, suggesting that the cells represent a 

differentiation and/or activation continuum. The four defined cDC2 subsets each had a set of 

markers that they specifically highly expressed (Figure 4F). Scanning electron microscopy 

analysis showed that CD5-CD163+CD14+ cells were the largest cells among cDC2 subsets and 

had a rougher and more granular membrane as compared to the others subsets and to 

CD88+CD89+CD14hiCD16- cMos, both characteristics being often associated to a greater 

activation/maturation (Figure 4G, Figure S5M) (Merad et al., 2013). These observations were 

confirmed by their greater size and granularity as determined by respective forward (FSC-A, 

size) and side (SSC-A, granularity) scatter measured by flow cytometry (Figure 4 H). 
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The FLT3L-dependency of these four cDC2 populations was also evaluated in vivo by 

profiling them in the blood of four FLT3L-injected patients (Figure 5A and Figure S6A). As 

compared to baseline (D0), cDC2 populations were all increased upon FLT3L injection (D14) 

as compared to CD14hiCD1c- cMos, whose proportion was reduced. 

We next carried out bulk RNAseq of the four cDC2 subsets to evaluate their respective 

relationship with DC2s and DC3s (cDC2 subsets) described by Villani et al. (Villani et al., 

2017). The phenotypic progression between cDC2 subsets (see Figure S5H-K) was also 

observed at the RNA level: Connectivity map (cMAP) analysis of bulk RNAseq on the cDC2 

subsets showed a strong enrichment of Villani’s DC2 gene signature in CD5+ cDC2s while the 

three other CD5- cDC2 subsets had a DC3 gene signature whose cMAP score progressed from 

CD5-CD163- to CD163+CD14- and was maximized in CD163+CD14+ cells (Figure 5B). PCA 

followed by UMAP using the 10 first PCs analysis of these bulk RNAseq data showed that 

CD5+ cells were regrouped while CD5- subsets were also regrouped but progressed from CD5-

CD163- to CD163+CD14- cells and finally to CD163+CD14+ cells, confirming the DC2 versus 

DC3 signatures of CD5+ cDC2s versus the three CD5- cDC2 subsets, respectively (Figure 5C). 

Furthermore, in our scRNAseq analysis (Figure 3B-H), all CD5+ cDC2s were detected only in 

cDC2 cluster #2 that is related to Villani’s DC2s. The cMAP analysis and the observation of 

two clear clusters of cDC2s in the UMAP space confirmed the DC2-DC3 subsetization of 

cDC2s: One cluster comprised only CD5+ cells thus corresponding to DC2s, while the three 

CD5- subsets formed a cluster corresponding to DC3s. From now on, CD5+ cells will be 

qualified as DC2s, while CD163-CD5-, CD5-CD163+CD14- and CD5-CD163+CD14+ cells will 

be qualified as DC3s. 

Note that these four subsets each had specific, highly expressed genes such as CD74 

(MHC-II invariant gamma chain) and the pre-DC-related genes AXL, SIGLEC6 (CD327), 

CD5 and BLTA [as reported in (Villani et al., 2017)] for CD5+ DC2s, LTB (Lymphotoxin-) 

for CD5-CD163- DC3, CD109 for CD163+CD14- DC3s and the monocyte-related genes 

S100A8, S100A9 and CD14 for CD163+CD14+ DC3s (Figure 5D, Figure S6B and Table S2). 

DCs are the only cells able to activate and polarize naïve T cells. We thus co-cultured 

allogeneic naïve CD4+ T cells with DC2 and DC3 subsets to evaluate their potential functional 

specialization (Figure 5E and Figure S6C). While all subsets induced similar degrees of 

proliferation and Th1 polarization (IFN+) of CD4+ T cells, their capacity to induce IL-4+ (Th2) 

and IL-17+ (Th17) CD4+ T cells progressively increased from CD163- (both CD5+ DC2s and 

CD5-CD163-CD14- DC3s) to CD163+CD14- DC3s and finally CD163+CD14+ DC3s. This 
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higher Th17 polarizing capacity of CD163+ DC3s (which was the highest for CD163+CD14+ 

DC3s) confirmed the pro-Th17 signature observed in cDC2 cluster #4 (DC3s) that was 

enriched in the CD14+ DC3 subset of cDC2s (Figure S4M). Segura et al., previously identified 

pro-Th17 inflammatory DCs (inflDCs) in ascites from patients with breast cancer, which were 

described as being monocyte-derived based on their gene signature that strongly correlated 

with that of in vitro monocyte-derived DCs (Segura et al., 2013). Given the strong Th17 

polarizing capacity of CD163+CD14+ DC3s, we hypothesized that they could correspond to 

circulating inflDCs but would be related to cDC2s rather than monocytes. The only cells that 

strongly expressed inflDC-specific genes were CD14+ cDC2s (subset of DC3s) (Figure 5F and 

Table S2). Putative “inflammatory” blood CD14+ cDC2s also had the highest expression of 

CD206, TLR2 and TLR4, which were described as being highly expressed in inflDCs by 

Segura et al. (Figure S6D).  

We next carried out a pathway analysis of the cDC2 subset bulk RNAseq data of Figure 

5B-D. cDC2 subsets were enriched for genes involved in different pathways, with CD5+ DC2 

pathways partially overlapping with cDC2 cluster #2 (related to DC2s) from Figure 3B-C. 

CD163+CD14+ inflammatory DC3s shared 12.3% of their specific DEGs with those of inflDCs 

described by Segura et al. (Segura et al., 2013), while the three other subsets had no or only 

minimal overlap with inflDCs (Figure S6E). CD163+CD14+ inflammatory DC3s were also 

enriched in genes involved in “dendritic cell maturation”, “production of nitric and reactive 

oxygen species (NOS and ROS) in macrophages”, “phagosome formation”, “death receptor 

signaling”, “inflammasome pathway”, “autophagy” pathways, as well as “Systemic Lupus 

Erythematosus (SLE) Signaling”, indicating their putative role in this disease (Figure 5G).  

Altogether, our high dimensional, single cell protein and RNA data analyses revealed 

a previously underestimated heterogeneity of blood cDC2s. We delineated, in an unbiased 

manner, blood inflammatory CD1cloCD14+ cells (circulating inflDCs) that were not included 

in the DC3 subset described by Villani et al., because CD14+ cells were excluded from their 

analysis.  

 

Highly activated CD163+ DC3s accumulate in the blood of lupus patients 

DCs can either induce adaptive immune responses or maintain tolerance, and 

autoimmunity occurs when this balance is lost (Merad et al., 2013). One of the top pathways 

identified from the bulk RNAseq of the cDC2 subsets was the “SLE Signaling” pathway in 

inflammatory CD14+ DC3s. We thus evaluated the involvement of the cDC2 subsets we 

defined in the blood of patients with SLE as compared to healthy subjects and patients with 
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Systemic Sclerosis (SSc), another systemic autoimmune disease (see Materials and Methods 

for patient informations). While the proportion of CD5+ DC2s was comparable across all 

subjects, among CD5- DC3s, we observed a significant increase in total CD163+ DC3s (both 

the CD14- and CD14+ subsets), mirrored by a decrease in CD163- DC3s only in SLE patients 

(Figure 6A-C and Figure S7A-B). Importantly, the proportion of circulating CD163+ DC3s 

significantly correlated with the SLE Disease Activity Index (SLEDAI, disease score) in SLE 

patients (Figure 6D and Figure S7C). SLE patient CD163+ DC3s also showed increased 

expression of CD163 (a scavenger receptor) and CD169 (a type I interferon (IFN-I)-inducible 

marker), which were the highest on CD163+CD14+ DC3s (Figure 6E). 

We carried out bulk RNAseq only on circulating CD5+ DC2s and CD163+ DC3s, which 

could be sorted from healthy subjects and SLE patients in sufficient numbers for analysis 

(Figure 6F-H). When comparing healthy subjects and SLE patients, most of the genes 

upregulated in SLE CD5+ DC2s were IFN-I stimulated genes (ISG), but the vast majority of 

DEGs were reduced in SLE patients (Figure 6F-G and Table S2). This finding was in stark 

contrast to CD163+ DC3s that showed a vast majority of upregulated genes in SLE patients, 

including ISG, but also several pro-inflammatory molecules, including TNFRSF10A 

(CD261/TRAIL-R1), LILRB1 (CD85j/ILT2) and TNFRSF21 (CD358/Death Receptor 6). 

We confirmed the higher maturation and activation state of CD163+ DC3s in SLE 

patients by pathway analysis, which showed a strong activation (positive z-score) of the “Death 

Receptor Signaling” and “Dendritic Cell Maturation” pathways (Figure 6H). This latter 

pathway was also significant but strongly inhibited (negative z-score) in CD5+ DC2s. Pathway 

analysis also confirmed that most significant pathways of SLE CD5+ DC3s were inhibited 

(negative z-score), and that strong positive activation of “Interferon (IFN-I) signaling” 

occurred in both CD5+ DC2s and CD163+ DC3s. The overall inhibition of CD5+ DC2s 

paralleled by the strong activation of CD163+ DC3s in SLE patients underscores that cDC2s 

cannot be analyzed as a whole but must be considered individually as subsets to understand 

their role in the physiopathology of any disease. 

 

CD14+ DC3s become highly pro-inflammatory in a SLE environment 

We next addressed whether we could recapitulate the SLE phenotype of healthy cDC2s 

subsets in an SLE environment. We first evaluated whether cDC2 subsets from healthy blood 

donors could be specifically activated when cultured in the presence of serum from inactive or 

active SLE patients or serum from healthy subjects (Figure 7A). Unsupervised analysis using 

UMAP revealed that the secretomes of CD163+CD14- DC3s and inflammatory CD163+CD14+ 
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DC3s formed two independent clusters while those of CD5+ DC2s and CD163-CD14- DC3s 

were mostly regrouped (Figure 7B), confirming the functional specialization of these cDC2 

subsets. For both CD163+ DC3 subsets, the secretomes further regrouped based on disease 

status, with sub-clusters comprising only secretomes obtained by culturing with active and 

inactive SLE (CD163+CD14- DC3s) and only active SLE (inflammatory CD163+CD14+ DC3s) 

serum (Figure 7C). Compared to cultures with serum from healthy subjects, only the two 

CD163+ DC3 subsets significantly increased their secretory capacity when cultured with active 

SLE serum, especially inflammatory CD163+CD14+ DC3s, which secreted more pro-

inflammatory mediators known to participate in SLE physiopathology, such as BAFF, IL-1, 

GRO- (CXCL1), MCP-3 (CCL7), MIG (CXCL9), SDF-1 (CXCL12), IL-8, VEGF-A and 

TWEAK (Kuryliszyn-Moskal et al., 2007; Li et al., 2008; Liao et al., 2016; Nielepkowicz-

Goździńska et al., 2014; Parks et al., 2004; Samy et al., 2017; Sun et al., 2018) (Figure 7D-E 

and Figure S7D). These data reaffirm that cDC2s should not be studied as a whole, because 

when exposed to a pathologic environment (e.g. serum from SLE patients), cDC2 subsets show 

striking functional differences in their responses: both CD163+ DC3 subsets, and particularly 

inflammatory CD163+CD14+ DC3s, each show a specific and strong pro-inflammatory 

response. 
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DISCUSSION  

 

Using high dimensional, single-cell protein and RNA expression analyses of human 

blood MNPs, we have precisely delineated all MNP subsets and identified specific markers to 

unambiguously define cDC2 and monocyte populations. We have also unraveled cDC2 

heterogeneity, revealing an FLT3L-responsive IRF4+CD14+ cDC2 subset that accumulates in 

the blood of patients with SLE and exhibits pro-inflammatory functions. 

Villani et al. previously identified four monocyte (Mono1 to Mono4) and six DC (DC1 

to DC6) populations in human blood (Villani et al., 2017). Mono1s and Mono3s corresponded 

to classical CD14+CD16- monocytes (cMo), Mono2s to CD16+ monocytes and Mono4s was 

proposed to constitute a previously undefined population. Back mapping this population onto 

our indexed-scRNAseq analysis revealed that Mono4 signature genes were exclusively 

expressed by a cluster of cells expressing GZMH, NKG7 and GNLY NK cell signature 

transcripts and thus we identified them as CD16+/-HLA-DRlo NK cells. In agreement with our 

conclusion, Günther et al., who have established an updated consensus map of the human blood 

MNP system using indexed-scRNAseq (Günther, 2019), also concluded that the Mono4 

population corresponded to HLA-DR-CD16+CD56- NK cells, which likely contaminated the 

monocyte populations identified by Villani et al. 

Concerning DC subsets, DC1s and DC6s identified by Villani et al. corresponded to 

the previously described cDC1 and pDC subsets, respectively, while DC2s and DC3s 

corresponded to two cDC2 subsets; the later cells expressed CD163 and were qualified as 

inflammatory DCs. However, Villani et al. also identified two other previously un-described 

DC subsets: DC4 (CD141-CD1c-) and a rare DC5 (AXL+SIGLEC6+/AS-DC) subset. Our data 

and that of Günther et al. confirmed the identity of DC1s as cDC1s, DC2s and DC3s as cDC2s 

and DC6s as pDCs (Günther, 2019). Günther et al. also showed that pre-DCs and DC5s 

overlapped in their map, but that DC5s represented a larger population that also overlapped 

with the DC2 subset of cDC2s, as defined both by the gating strategies used by Villani et al. 

and See et al.. We also confirmed that DC5 signature genes were most highly expressed by 

pre-DCs, but that DC5s also included pre-cDC2s (See et al., 2017) and some AXL+CD45RA- 

DC2s (Figure S4J-K), these later being also CD5+ (data not shown). Concerning CD141-CD1c- 

DC4s, Villani et al. showed that these cells expressed CD14, C5AR (CD88, one of our top two 

monocyte markers) and FCGR3A (CD16). Günther et al. reclassified these cells as CD16+ non-

classical monocytes (ncMos), which is in line with our indexed-scRNAseq data showing 

enrichment of DC4 signature genes in CD16+ monocytes. This finding is also in agreement 
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with a recent report that proposed that DC4s rather correlated with a subset of CD14dim/-

CD16- monocytes (Calzetti et al., 2018). Altogether, our findings regarding DC4s and Mono4s 

are in line with those of Günther et al., who have demonstrated that these two cell types are 

CD16+slan+/-CD14lo ncMos and CD56- NK cells, respectively (Günther, 2019). 

In our indexed-scRNAseq data, Villani et al.’s top DC2 and DC3 signature genes 

mapped with cDC2 cluster #2 and cluster #4, respectively, that respectively contained all CD5+ 

cDC2s and most CD14+ cDC2s. Further, both our InfinityFlow protein expression and our bulk 

RNAseq analyses revealed that CD5+ cDC2s and the three subsets of CD5- cDC2s showed the 

greatest expression of DC2 and DC3 protein and signature genes, respectively. Altogether, 

CD5+ cDC2s correspond to DC2s and CD5- cDC2s (three subsets) correspond to DC3s. 

Because Villani et al. stringently excluded CD14+ cells to sort DCs, they may have only 

captured a minor fraction of the inflammatory CD14+ subset of DC3s defined here. Rather, the 

CD163+ DC3s that Villani et al. qualified as “inflammatory” based on CD14 and S100A9 

expression likely correspond to the minor CD163+CD14- DC3 subset that we defined. Here, in 

addition to extend the phenotypic characterization of this DC3 subset, we functionally 

demonstrated the inflammatory nature of CD14+ DC3s, which are not only increased in 

number, but are also reprogrammed to enhance their pro-inflammatory function in the blood 

of patients with SLE. We further demonstrated their pro-inflammatory potential because 

CD14+ DC3s from healthy donors had a highly pro-inflammatory secretome triggered by the 

serum of patients with active SLE. Although CD163+CD14- DC3s were also increased in the 

patient’s blood, they secreted intermediate quantities of pro-inflammatory mediators, at a 

higher level than CD5+ DC2s and CD163-CD14- DC3s but at a lower level than inflammatory 

CD14+ DC3s. While CD5+ cells (DC2s) were separated from the three other subsets in the 

UMAP analysis of our bulk RNAseq data, the three other CD5- cDC2 subsets (DC3s) were 

connected both at the protein and RNA levels and progressed from CD5-CD163- to 

CD163+CD14- and finally towards CD163+CD14+ cells, as confirmed by NBOR and Wishbone 

pseudo-time analyses. This progressive conversion was also suggested by the observation of 

an inversely correlated proportion of CD5-CD163- and CD163+CD14+/- DC3s in the blood of 

patients with SLE. These results confirmed that CD5+ DC2s may represent an independent 

population corresponding to Villani et al.’s DC2s that differs from the CD5- cDC2 (DC3) 

fraction (which rather contain populations at different stages of maturation and/or activation 

states). Future studies should aim to understand the relationship between these two populations 

in terms of their ontogeny and define whether CD5+ cDC2s (DC2s), which are molecularly and 
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phenotypically related to pre-DCs, can differentiate into CD5-CD163+/- DC3s and finally into 

inflammatory CD163+CD14+ DC3s. 

Segura et al., previously described a population of inflammatory DCs (inflDCs), 

described as monocyte-derived, in ascites from patients with breast tumors that strongly 

promoted Th17 CD4+ T-cell polarization (Segura et al., 2013). Interestingly, infDC-specific 

genes mapped to CD14+ cDC2s, with the latter being also the greatest Th17 inducers. 

Furthermore, cDC2 cluster #4 (indexed-scRNAseq data), which contained most CD14+ DC3s, 

were enriched in genes involved in the “Role of IL-17A in Psoriasis” pathway, confirming that 

in vivo, CD14+ DC3s are programmed to favor Th17 polarization. We also observed that 

CD14+ DC3s have higher NOTCH2 and lower KLF4 expression compared to all the other 

cDC2s. Tussiwand et al. also observed some heterogeneity among murine cDC2s, with subsets 

expressing the KFL4 or NOTCH2 transcription factors that favor Th2 or Th17 polarization, 

respectively (Tussiwand et al., 2015). Finally, we showed that all cDC2 subsets were 

responsive to FLT3L treatment; therefore, we propose that human inflammatory CD14+ DC3s 

are not monocyte-derived, but rather belong to the DC lineage and could correspond to mouse 

NOTCH2+ cDC2s. In contrast to the murine data, however, these cells also primed naïve CD4+ 

T cells towards Th2; this CD4+ T-cell polarization is a hallmark of SLE, which is a B-cell-

driven disease (Menon et al., 2016). The pro-inflammatory nature of CD14+ DC3s was also 

confirmed by their high expression of CD354 (TREM1) protein and enrichment in genes 

involved in the “TREM1 signaling pathway”. Further studies should address the role of 

TREM1 in inflammatory CD14+ DC3s, as it amplifies inflammatory responses triggered by 

bacterial and fungal infections by stimulating the release of pro-inflammatory chemokines and 

cytokines, as well as increased surface expression of activation markers (Brynjolfsson et al., 

2016; Nguyen-Lefebvre et al., 2018). Finally, inflammatory CD14+ DC3s were also enriched 

in genes from the “TWEAK signaling pathway” and TWEAK is one of the multiple pro-

inflammatory mediators involved in SLE immunopathology, which these cells secreted when 

cultured in the presence of active SLE patients’ serum (Sun et al., 2018).  

 

Altogether, our findings highlight a need to further study inflammatory CD14+ DC3s 

in human inflamed tissues and determine the regulation of their induction. Such studies could 

enable the development of new therapeutic strategies for inflammatory and autoimmune 

diseases aiming at targeting or modulating DC subsets. 
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FIGURE LEGENDS 

 

Figure 1. InfinityFlow, a high-dimensional single-cell protein expression pipeline, 

unravels human circulating myeloid cell phenotypes and heterogeneity. (A) Peripheral 

blood mononuclear cells from a single donor were stained with 14 back-bone markers, divided, 

stained with 332 PE-conjugated variable antibodies (LegendScreen kit) and then analyzed by 

flow cytometry. The 332 generated fcs files were analyzed with the InfinityFlow pipeline to 

generate fcs files containing 347 dimensions, consisting of 14 back-bone dimensions, 1 

variable-PE real marker and 332 predicted markers. (B) tSNE dimensionality reduction and 

Phenograph clustering of CD45+CD3-CD20-HLA-DR+ peripheral blood (PB) mononuclear 

phagocytes (MNPs) based on the 332 predicted dimensions. Cell subsets were delineated using 

the 23 Phenograph clusters (pDCs, n=2 clusters; pre-DCs, n=1 cluster; cDC1s, n=1 cluster; 

cDC2s, n=4 clusters; cMos, n=8 clusters; iMos, n=2 clusters; ncMos, n=3 clusters; 

contaminating B cells and CD34+ cells, n= 1 cluster each; one minor undetermined cluster 

representing 1.1% of cells) that were regrouped into major previously defined cell subsets 

based on the expression of cell-subset specific phenotypic markers. (C) Expression heatmap of 

makers highly expressed by the different monocyte and DC subsets. Cell subset discriminating 

markers are indicated in red. (D) tSNE dimensionality reduction and Phenograph clustering of 

CD45+CD3-CD20-HLA-DR+ PB MNPs based on the 92 discriminating markers defined in 

Figure 1C. See also Figure S1 and S2. 

 

Figure 2. CD1c+CD14+ circulating cells are phenotypically and functionally related to 

cDC2s and not monocytes. (A) cDC2s and cMos Phenograph clusters represented in the tSNE 

generated using the 92 markers described in Figure 1D, and in a CD14/CD1c dot plot. (B) cMo 

versus cDC2 Phenograph clusters were compared by AUC analysis to determine their 

discriminating markers. (C) Relative expression of the classical and top four discriminating 

markers of cDC2s and cMos (real dimensions displayed). (D) Optimal gating strategy starting 

from Lin-HLA-DR+ defining all blood MNP subsets. (E) UMAP analysis of data from panel 

(D). (F) Phenotype of cells within cDC2s (orange) and monocytes (black) defined in the 

UMAP space. (G-I) Human blood, spleen and tonsil (n=1 each) were analyzed by CyTOF 

using the new cMos and cDC2s discriminating markers. Among Lin-HLA-DR+ cells 

(concatenated data), (G) the relative expression of MNP subsets-defining markers and (H) 

distribution of cells from the three tissues are shown. (I) Differentially expressed markers 

between tissues. (J-K) The relative proportions of cMos, CD1c+CD14- and CD1c+CD14+ 
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cDC2s were measured in the blood of seven patients before and 11 days after FLT3L treatment. 

(K) Proportions of subsets and (L) Relative expression of IRF4, KLF4 and NOTCH2 for the 

cell subsets defined in (J). See also Figure S3. 

 

Figure 3. Indexed single-cell RNAseq analysis confirms that CD1c+CD14+ circulating 

cells are inflammatory cDC2s and not monocytes. (A) tSNE of indexed-sorted DC subsets 

and monocytes (black dots) overlayed on Lin-HLA-DR+ PBMCs from one single donor (full 

recording). (B-H) Indexed-sorted cells were analyzed by scRNAseq using the Seurat pipeline 

and phenograph clustering. (B-C) For the eight phenograph clusters, (B) the heatmap of the 

top 20 DEGs and (C) their projection on a tSNE obtained using 10 Seurat significant principal 

components (PCs; Principal Component Analysis, PCA) identified monocytes, DC subsets and 

CD16+/-HLA-DRlo contaminating NK cells. (D) Protein expression of MNP subsets-defining 

markers obtained from the FACS-indexed data. (E) Monocyte and DC subsets were defined 

based on indexed-protein expression and (F) overlaid on the RNA_tSNE defined in (C). (G-

H) DC and monocyte subset signatures from Villani et al. (Villani et al., 2017) are shown as 

(E) a heat map of the top 20 signature genes expressed in the eight phenograph clusters [defined 

in (B)], and (H) as the mean expression of all signature genes. (I) Visualization of the relative 

expression of top discriminating membrane protein markers of DC and monocyte subsets 

described by Villani et al. (Villani et al., 2017) on the InfinityFlow tSNE generated using the 

discriminating markers shown in Figure 1C. See also Figure S4. 

 

Figure 4. High-dimensional analyses unravel heterogeneity of circulating cDC2s. (A) 

PCA/Phenograph analysis of cDC2s extracted from the discriminating markers’ InfinityFlow 

tSNE (Figure 1D) using the 332 predicted protein dimensions. (B) PC1/PC2 dimensions 

(%=PC loading) and Phenograph cluster visualization of cDC2s. (C) Absolute loading of the 

top six PC1-2 markers. (D) 3D visualization of CD5/CD14/CD163 expression by cDC2s. (E) 

Expression of heterogeneously expressed markers for the different cDC2 states [CD5+CD163- 

(yellow) and among CD5- cells, CD163- (pink), CD163+CD14- (beige) and CD163+CD14+ 

(brown)]. (F) Heatmap of discriminating markers between the four cDC2 states. (G) Scanning 

electron microscopy of FACS-sorted cDC2 subsets and CD88+CD89+CD14hiCD16- classical 

monocytes from one healthy blood donor. Scale bar, 2µm. (H) Forward scatter (FSC-A) and 

side scatter (SSC-A) median fluorescence intensity (MFI) of cells defined as CD5+, CD5-

CD163-, CD163+CD14-, CD163+CD14+ cDC2s and as CD88+CD89+CD14+CD16- cMos. P 
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values were calculated by one-way ANOVA followed by Tukey’s multiple comparisons test. 

See also Figure S5. 

 

Figure 5. Functional and molecular characterization of inflammatory CD14+ cDC2s. (A) 

The relative proportions of the four cDC2 subsets and CD88+CD89+CD14+CD16- cMos, were 

measured in the blood of four patients before and 11 days after FLT3L treatment. The 

proportion among cDC2+cMo are displayed. (B-D) Bulk RNAseq data obtained from FACS-

sorted cDC2 subsets. (B) Connectivity map (cMAP) analysis showing the degree of enrichment 

for Villani’s DC2 or DC3 signature genes in the four cDC2 subsets (number of samples in the 

Figure). (C) UMAP using the first 10 PC (PCA); Circles delineate DC2s (CD5+ cDC2s) and 

DC3s (the three subsets of CD5- cDC2s). (C) Heatmap of six selected specifically expressed 

DEGs for each subset. (E) Naïve allogenic CD4+ T cells from five healthy blood donors were 

cultured with the four different cDC2 subsets: frequencies of proliferating, IFN (Th1), IL-4 

(Th2) or IL-17 (Th17)-producing CD4+ T cells are represented [linked scatter plots (n=4)]. P 

values were calculated using the Friedman test (Non-parametric repeated measures ANOVA) 

followed by Dunn’s multiple comparisons test. (F) In the indexed-scRNAseq data from Figure 

3, mean expression of specifically expressed genes by inflammatory DCs (inflDCs) defined by 

Segura et al. (Segura et al., 2013) (Table S2) represented as a violin plot and as a meaning plot 

on the CD1c/CD14 protein expression dot plot defined in Figure 3E. (G) Ingenuity Pathway 

Analysis of cDC2 subsets bulk RNAseq from panels B-D displayed as a Radar plot showing -

Log(p-value) and z-Score for each pathway using upregulated and downregulated DEGs of 

each subset. See also Figure S6. 

 

Figure 6. CD5-CD163+ DC3s accumulate in patients with Systemic Lupus Erythematosus 

(SLE). (A-D) PBMCs were isolated from healthy subjects (n=10), and patients with SLE 

(n=10) or systemic sclerosis (SSC; n=15), and cDC2 subsets were defined by FACS. (B-C) 

The frequency of cDC2 subsets in the three patient groups is shown among (B) CD45+ PBMCs 

and (C) total cDC2s. P values were calculated using the Mann-Whitney test. (D) Pearson 

correlation of the frequency of CD163+ (CD14- and CD14+) DC3s versus the SLE disease 

activity score (SLEDAI) in SLE patients. (E) CD163 and CD169 membrane protein expression 

by cDC2 subsets in healthy subjects and SLE patients. (F-H) Bulk RNAseq analysis of FACS-

sorted cDC2 subsets from healthy subjects and patients with SLE. (F-G) For CD5+ DC2s 

(healthy, n=5; SLE, n=6) and CD163+ DC3s (healthy, n=5; SLE, n=9), (F) an expression 
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heatmap of the top 100 DEGs and (G) volcano plots showing Log2(Fold Change) vs -Log10(p-

value) of all gene expression data comparing healthy and SLE patients are shown. P values 

were calculated using DESeq2. (H) Ingenuity Pathway Analysis of CD5+ DC2 and CD163+ 

DC3 bulk RNAseq data displayed as a Radar plot showing the -Log(p-value) and the z-Score 

for each pathway using upregulated and downregulated DEGs of each subset. See also Figure 

S7. 

 

Figure 7. Serum from patients with active SLE preferentially activates inflammatory 

CD163+CD14+ DC3s. (A) cDC2 subsets from healthy blood donors (n=3) were FACS-sorted 

and cultured overnight with serum from healthy donors (n=12), or patients with inactive (n=12) 

or active (n=12) SLE and 55 soluble mediators were quantified in the culture supernatants. The 

cDC2 subset secretomes (concentration of each soluble factor) in the culture supernatants were 

analyzed with UMAP. (B-D) In the Secretome-UMAP, each dot corresponds to one culture 

supernatant. Supernatants from (B) the four cDC2 subsets or from (C) the different patient 

groups are shown on the Secretome-UMAP projection. (D) Relative expression of pro-

inflammatory soluble mediators involved in SLE immunopathology. (E) Heat map showing 

the difference in soluble mediators’ concentration between supernatants of cultures with SLE 

patient serum compared to healthy serum. P values were determined by comparing absolute 

concentrations in supernatants of cultures with SLE patient serum compared to healthy serum 

using Kruskal Wallis (non-parametric one-way ANOVA) followed by Dunn’s multiple 

comparisons test. See also Figure S7. 

 

Table S2. Lists of DEGs in this study. 

See Tables S2.xlsx 

 

 

STAR METHODS 

KEY RESOURCES TABLE 

 

REAGENT or 

RESOURCE 
SOURCE IDENTIFIER 

Antibodies (Flow Cytometry) 

CADM1 (clone 3E1) 

Purified 

 MBL Cat# CM004-3 

CD11b (clone M1/70) 

Biotin 

BD Biosciences Cat# 553309 
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CD11c (clone B-Ly6) 

BV650 

BD Biosciences Cat# 563404 

CD123 (clone 7G3) 

BUV395 

BD Biosciences Cat# 564195 

CD135 (clone 4G8) 

BV711 

BD Biosciences Cat# 563908 

CD14 (clone M5E2) 

BUV737 

BD Biosciences Cat# 564444 

CD14 (clone M5E2) 

BV650 

BD Biosciences Cat# 563419 

CD14 (clone BM-16) 

AF700 

Biolegend Cat# 350124 

CD141 (clone AD5-

14H12) APC 

Miltenyi Cat# 130-090-907 

CD16 (clone 3G8) 

APC/Cy7 

BD Biosciences Cat# 302018 

CD16 (clone 3G8) BV650 Biolegend Cat# 563692 

CD163 (clone GHI/61) 

BV605 

Biolegend Cat# 333616 

CD169 (clone 7-239) PE BD Biosciences Cat# 565248 

CD19 (clone SJ25C1) 

BV650 

BD Biosciences Cat# 563226 

CD1c (clone L161) 

PercP/Cy5.5 

Biolegend Cat# 331514 

CD1c (clone L161) BV421 Biolegend Cat# 331526 

CD1c (clone L161) 

PE/Cy7 

Biolegend Cat# 331516 

CD2 (clone RPA-2.10) 

BV421 

BD Biosciences Cat# 562639 

CD20 (clone 2H7) BV650 BD Biosciences Cat# 563780 

CD206 (clone 19.2) 

PE/CF594 

BD Biosciences Cat# 564063 

CD268 (clone 11C1) 

PE/Dazzle594 

Biolegend Cat# 316922 

CD3 (clone SP34-2) 

BV650 

BD Biosciences Cat# 563916 

CD301 (clone H037G3) 

PE 

Biolegend Cat# 354704 

CD303 (clone AC144) 

Biotin 

Miltenyi Cat# 130-090-691 

CD33 (clone WM53) 

PE/CF594 

BD Biosciences Cat# 562492 

CD34 (clone 581) AF700 BD Biosciences Cat# 561440 

 

CD45 (clone HI30) V500 BD Biosciences Cat# 560777 

CD45RA (clone 5H9) 

FITC 

BD Biosciences Cat# 556626 

CD45RA (clone L48) 

PE/Cy7 

BD Biosciences Cat# 337167 

CD5 (clone UCHT2) 

BV711 

BD Biosciences Cat# 563170 

CD88 (clone S5/1) PE/Cy7 Biolegend Cat# 344308 
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CD89 (clone A59) BV510 BD Biosciences Cat# 744375 

CD89 (clone A59) APC Biolegend Cat# 354106 

FcεR1α (clone AER-37 

(CRA-1)) PercP 

Biolegend Cat# 334616 

FcεR1α (clone AER-37 

(CRA-1)) APC/Cy7 

Biolegend Cat# 334632 

HLA-DR (clone L243) 

BV785 

Biolegend Cat# 307642 

IKAROS (clone R32-1149) 

BV421 

BD Biosciences Cat# 564865 

IRF4 (clone 3E4) PE eBioscience Cat# 12-9858-82 

IRF8 (clone V3GYWCH) 

PercP/eFluor710 

eBioscience Cat# 46-9852 

KLF4 (clone NA)  APC R&D Systems Cat# IC3640A 

LAMP5 (clone 124-40B) 

PE 

Biolegend Cat# 355804 

NOTCH2 (clone 16F11) 

PE 

eBioscience Cat# 12-5786-80 

PU.1 (clone 7C6B05) 

Alexa Fluor 647 

Biolegend Cat# 658003 

RelB (clone EP613Y) 

Alexa Fluor 488 

Abcam Cat# ab199089 

Antibodies (CyTOF) 

112Cd_CD14 (clone 

TUK4) 

Invitrogen Cat# MHCD1400 

141Pr_Clec12A (clone 

687317) 

R&D Systems Cat# MAB2946 

142Nd_CD5 (clone 

UCHT2) 

Biolegend Cat# 300602 

143Nd_CD2 (clone RPA-

2.10) 

Biolegend Cat# 300202 

145Nd_CD68 (clone KP1) eBioscience Cat# 14-0688-80 

146Nd_CD19 (clone 

HIB19) 

eBioscience Cat# 14-0199-82 

146Nd_CD20 (clone 2H7) eBioscience Cat# 14-0209-82 

146Nd_CD3 (clone OKT3) Biolegend Cat# 317302 

147Sm_CD86 (clone 

IT2.2) 

BD Biosciences Cat# 555663 

148Nd_CD45RA (clone 

HI100) 

Biolegend Cat# 304102 

149Sm_HLA-DR (clone 

L243) 

Biolegend Cat# 307602 

150Nd_CD80 (clone 

L307.4) 

BD Biosciences Cat# 557223 

151Eu_CD141 (clone 1A4) BD Biosciences Cat# 559780 

152Sm_CD1c (clone 

L161) 

Biolegend Cat# 331502 

153Eu_FcεR1α (clone 

AER-37) 

eBioscience Cat# 14-5899-82 

154Sm_CD87 (clone  

VIM5) 

Biolegend Cat# 336902 
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155Gd_CD33 (clone 

WM53) 

BD Biosciences Cat# 555449 

156Gd_CD22 (clone 

HIB22) 

Biolegend Cat# 302502 

157Gd_CXCR3 (clone 

1C6) 

BD Biosciences Cat# 557183 

158Gd_CD82 (clone ASL-

24) 

Biolegend Cat# 342102 

159Tb_CD301 (clone 

H037G3) 

Biolegend Cat# 354702 

160Gd_CD206 (clone 

19.2) 

BD Biosciences Cat# 555953 

161Dy_CD123 (clone 

7G3) 

BD Biosciences Cat# 554527 

162Dy_CD88 (clone S5/1) Biolegend Cat# 344302 

163Dy_BTLA (clone 

MIH26) 

Fluidigm Cat# 3163009B 

164Dy_CD89 (clone A59) Biolegend Cat# 354102 

165Ho_CD71 (clone  

CY1G4) 

Biolegend Cat# 334102 

166Er_CD85d (clone 

42D1) 

Biolegend Cat# 338704 

167Er_Integrin-B7 (clone 

FIB504) 

Biolegend Cat# 321202 

168Er_CD26 (clone BA5b) Biolegend Cat# 302702 

169Tm_CD163 (clone 

GHI) 

Biolegend Cat# 333602 

170Er_CD35 (clone 

594708) 

R&D Systems Cat# MAB5748 

171Yb_CD166 (clone 

3A6) 

Biolegend Cat# 343902 

172Yb_HLA-DQ (clone 

Tü169) 

Biolegend Cat# 361502 

173Yb_CD294 (clone 

BM16) 

Biolegend Cat# 350102 

174Yb_CD354 (clone 

TREM-26) 

Biolegend Cat# 314902 

175Lu_CD172b (clone 

B4B6) 

Biolegend Cat# 323902 

176Yb_CD11b (clone 

ICRF44) 

Biolegend Cat# 301302 

209Bi_CD16 (clone 3G8) Biolegend Cat# 302002 

89Y_CD45 (clone HI30) Fluidigm Cat# 3089003B 

Biological Samples 

Buffy coat for the 

LegendScreen/InfinityFlow 

analysis 

SingHealth, Singapore N/A 

Buffy coat for functional 

experiments 

SingHealth, Singapore N/A 

PBMC from whole blood 

for scRNAseq analysis 

SingHealth, Singapore N/A 

FLT3L-treated patients' 

whole blood PBMC 

Icahn School of Medicine at 

Mount Sinai, Hess Center for 

N/A 
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Science and Medicine, New 

York, USA 

SLE patients' whole blood 

PBMC 

Department of Rheumatology 

and Clinical Immunology, 

University Medical Center 

Utrecht, Utrecht, The 

Netherlands 

N/A 

Serum from SLE patients Department of Rheumatology 

and Clinical Immunology, 

University Medical Center 

Utrecht, Utrecht, The 

Netherlands 

N/A 

Critical Commercial Assays 

LEGENDScreen™ Human 

PE Kit 

Biolegend Cat# 700007 

Deposited Data 

SMARTseq2 single cell 

transcriptome data of 

human peripheral blood 

DC and monocytes 

This paper GEO: GSE132566 

Bulk RNAseq of human 

peripheral DC2/DC3 

subsets 

This paper GEO: GSE132566 

Microarray data of 

Segura et al. 

Segura et al., 2013, J Exp Med. 

https//doi: 

10.1084/jem.20121103 

GEO: GSE40484 

Software and Algorithms 

DIVA BD Biosciences https://www.bdbiosciences.com/en-us 

FlowJo v.10.5.3 Tree Star Inc. https://www.flowjo.com 

SeqGeq FlowJo, LLC https://www.flowjo.com/solutions/seqgeq 

GraphPad Prism 6 Graphpad https://www.graphpad.com/scientific-software/prism/ 

R 4.4 The R Foundation https://www.r-project.org 

tSNE Van Der Maaten et al., 2008, 

Journal of Machine Learning 

Research. 

https://doi.org/10.1007/s10479-

011-0841-3 

https://github.com/jkrijthe/Rtsne 

UMAP McInnes et al., 2018, 

arXiv:1802.03426 

https://github.com/lmcinnes/umap 

SVM regression used in 

InfinityFlow 

The R Foundation https://cran.r-project.org/web/packages/e1071 

Seurat V2 Butler et al., 2018, Nature 

Biotech. 

https://doi.org/10.1038/nbt.4096https://satijalab.org/seurat/ 

Phenograph Levine et al., 2015, Cell. 

doi:10.1016/j.cell.2015.05.047 

https://github.com/JinmiaoChenLab/Rphenograph 

NBOR J. Chen et al., 2016, Nat. 

Commun. 7, 11988 (2016). 

https://doi: 

10.1038/ncomms11988 

https://github.com/JinmiaoChenLab/Mpath 

Wishbone M. Setty et al., 2016, Nat 

Biotechnol. https://doi: 

10.1038/nbt.3569 

https://github.com/ManuSetty/wishbone 

https://cran.r-project.org/web/packages/e1071
https://satijalab.org/seurat/
https://github.com/JinmiaoChenLab/Rphenograph
https://github.com/JinmiaoChenLab/Mpath
https://github.com/ManuSetty/wishbone
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cMAP Haniffa et al., 2012. Immunity. 

https://doi: 

10.1016/j.immuni.2012.04.012 

Customized code 

Salmon Patro et al.,2017, Nat Methods. 

doi: 10.1038/nmeth.4197 

https://github.com/COMBINE-lab/salmon 

txImport Soneson et al., 2015, 

F1000Research. https://doi: 

10.12688/f1000research.7563.2 

https://bioconductor.org/packages/release/bioc/html/tximport.html 

DESeq2 Love, et al., 2014, Genome 

Biology. https: 

doi:10.1186/s13059-014-0550-

8 

https://bioconductor.org/packages/release/bioc/html/DESeq2.html 

Ingenuity Pathway 

Analysis 

Qiagen https://www.qiagenbioinformatics.com/products/ingenuity-

pathway-analysis/ 

 

LEAD CONTACT AND MATERIALS AVAILABILITY STATEMENT 

Further information and requests for resources and reagents should be directed to and 

will be fulfilled by the Lead Contact, Florent Ginhoux (Florent_Ginhoux@immunol.a-

star.edu.sg). Single cell and bulk RNAseq data generated in this study have been deposited to 

GEO (GEO: GSE132566). 

 

EXPERIMENTAL MODEL AND SUBJECT DETAILS 

Human Blood and serum samples 

Human samples were obtained in accordance with a favorable ethical opinion from 

Singapore SingHealth and National Health Care Group Research Ethics Committees and from. 

Collection of the samples from Utrecht was approved by the Medical Ethical Committee from 

the University Medical Centre Utrecht. FLT3L-treated patient samples were obtained in 

accordance with a clinical protocol which was approved by the Mount Sinai Institutional 

Review Board and in accordance with U.S. Law. Written informed consent was obtained from 

all donors according to the procedures approved by the National University of Singapore 

Institutional Review Board and SingHealth Centralized Institutional Review Board (Reference 

No: 2017/2512). Peripheral blood mononuclear cells (PBMC) used for the LegendScreen 

experiment (Figure 1) were obtained from apheresis residue of a single anonymous donor and 

PBMC used for the single cell RNAseq (scRNAseq) experiment (Figure 3) were obtained from 

whole blood (two different anonymous donors). For functional experiments, PBMC were 

isolated by Ficoll-Paque (GE Healthcare) density gradient centrifugation of apheresis residue 

samples obtained from volunteer donors through the Health Sciences Authorities (HSA, 

Singapore). PBMC were obtained from 15 patients with systemic sclerosis (SSc), from 10 

patients with systemic lupus erythematosus (SLE) that fulfilled the 1997 ACR classification 

mailto:Florent_Ginhoux@immunol.a-star.edu.sg
mailto:Florent_Ginhoux@immunol.a-star.edu.sg
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criteria for SLE and from 10 healthy subjects. Healthy SSc, SLE patients’ and healthy subjects’ 

PBMC were all from the university medical centre (Utrecht, Netherlands) (Table S3). PBMC 

from 7 patients with follicular lymphoma or small lymphocytic lymphoma before and 11 days 

after having received FLT3L treatment were obtained from Mount Sinai Medical School (New 

York, U.S.A.) (Table S4). Serum samples were obtained from 24 patients with inactive (n=12) 

and active (n=12) SLE patients, and from 12 healthy subjects (Table S5). Spleen tissue was 

obtained from patients with tumors in the pancreas who underwent distal pancreatomy 

(Singapore General Hospital, Singapore). Tonsil tissue was obtained from patients with adeno-

tonsillar obstruction and who underwent adeno-tonsillectomy (KK Hospital, Singapore). 

Spleen and tonsil tissues were processed as previously described (Haniffa et al., 2012). Human 

tissues were cut into 0.5 cm squares and incubated with 0.8 mg/ml collagenase (Type IV, 

Worthington-Biochemical) in RPMI (PAA) with 10% FCS (AutogenBioclear) for 2 and 8 hr, 

respectively, or where stated mechanically dispersed.  

 

 

METHOD DETAILS 

LegendScreen and the InfinityFlow pipeline 

PBMCs (700 million) were isolated by Ficoll-Paque (GE Healthcare) density gradient 

centrifugation of apheresis residue samples obtained from one volunteer donor identified 

through the Health Sciences Authorities (HSA, Singapore). Cells were incubated with 

Live/Dead blue dye (Invitrogen) for 30 min at 4 ̊C in phosphate buffered saline (PBS) and then 

incubated in 5% heat-inactivated fetal calf serum (FCS) for 15 min at 4 ̊C (Sigma Aldrich). 

The following 14 anti-backbone markers antibodies were added to the cells and incubated for 

30 min at 4 ̊C, and then washed: CD123-BUV395 (clone 7G3), HLA-DR-BV786 (clone L243), 

CD5-BV711 (clone UCHT2), CD3-BV650 (clone SP34-2), CD20-BV650 (clone 2H7), CD45-

V500 (clone HI30), CD2-BV421 (clone RPA-2.10), CD45RA-FITC (clone 5H9), CD14-

AlexaFluor700 (clone M5E2), all from BD Biosciences; CD163-BV605 (clone GHI/61), 

CD1c-PercP/Cy5.5 (clone L161), CD88-PE/Cy7 (clone S5/1), CD16-APC/Cy7 (clone 3G8), 

all from Biolegend; CD141-APC (clone AD5-14H12, Miltenyi biotec). The cells were then 

stained with 332 different PE-conjugated antibodies (Table S1) using the LegendScreen® 

Human PE kit (Biolegend) following the manufacturer’s instructions. 

The InfinityFlow pipeline involves regression analysis of the intensities of the PE-bound 

markers using the intensities of the backbone markers. In detail, the compensated cytometry 

data were transformed using a logicle transformation with parameters w=0.1, t=500000, m=4.5 
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and a=0, as defined in the flowCore R package. For each fcs file of the Legend Screen 

(Biolegend) experiment, half of the events were randomly selected to train an epsilon-

regression Support Vector Machine (SVM) model using the e1071 R package with default 

parameters, resulting in 332 SVM regression models. For each model, the PE-bound marker 

intensity was used as the response variable and the intensities of the backbone markers were 

used as independent variables. For each event, each SVM regression model was applied on its 

associated vector of backbone marker intensities to predict the intensities of 332 PE-bound 

markers. For each of the 332 initial Legend Screen fcs files, these 332 regressed values were 

transformed back to a linear intensity scale, concatenated with the backbone and the PE-marker 

expression values and exported back as 332 new single .fcs files. 

These predictions were used as the input for t-distributed Stochastic Neighbor Embedding 

(t-SNE) dimensionality reduction (using the Barnes-Hut implementation of t-SNE from the 

Rtsne R package) and Phenograph clustering from the Rphenograph R package. For the 

analysis of cDC2 and monocyte discriminating markers (Figure 2A-B), monocytes or cDC2 

were identified in the tSNE space generated using all MNP discriminating markers. For each 

PE-conjugated predicted intensity vector, the unsigned Area Under the ROC Curve (AUC) was 

computed to summarize its ability to delineate cDC2 and monocytes. 

 

PCA and binning analysis of CD163+ cDC2 and cMo 

From the 332 fcs files generated using the PBMCs stained with 14 anti-backbone marker 

antibodies and the LegendScreen® Human PE kit, cells gated using the strategy shown in 

Figure S3G were exported and a PCA was performed using the mean fluorescence intensity 

(MFI) of the 14 backbone markers. In the resulting PCA space, cells were separated into 40 

bins (each comprising 2.5% of the total cells) defined along the PC1 axis. The 40 bins were 

analyzed by tSNE/Phenograph using the MFI of the 332 variable PE markers. 

 

Algorithms for dimensionality reduction and pseudo-time analyses 

For CyTOF (Figure 2G-I), scRNAseq (Figure 3C) and Luminex data (Figure 7B-D) 

marker, PC expression values and soluble mediators concentrations (respectively) were 

transformed using the logicle transformation function (Parks et al., 2006). For flow cytometry 

data, marker expression values were transformed using the auto-logicle transformation 

function from the flowCore R package. 

tSNE and Uniform Manifold Approximation and Projection (UMAP) were carried out 

using all markers or significant PCs (based on Seurat analysis). For tSNE, the Rtsne function 
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in the Rtsne R package with default parameters was used for flow cytometry and CyTOF data 

and using a perplexity equal to 10 for the scRNAseq analysis. UMAP version 2.4.0 was 

implemented in Python but executed through the reticulate R package to interface R objects 

with Python. UMAP was run using 15 nearest neighbors (nn), a min_dist of 0.2 and euclidean 

distance (Becht et al., 2018; McInnes et al., 2018). Phenograph clustering (Levine et al., 2015) 

was performed using all markers or significant PCs (based on Seurat analysis) before 

dimension reduction, and with the number of nearest neighbours equal to 30 for flow cytometry 

and CyTOF analyses and equal to 15 for scRNAseq analysis. 

Isometric feature mapping (isoMAP) (Tenenbaum et al., 2000) dimension reduction was 

performed using vegdist, spantree and isomap functions in the vegan R package (Chen et al., 

2016). The vegdist function was run with method=“euclidean”. The spantree function was run 

with default parameters. The isoMAP function was run with the ndim equal to the number of 

original dimensions of the input data, and k=5. 

Wishbone analysis (Setty et al., 2016) was conducted using the top 40 loading markers 

from the PCA in Figure 4B-C. Candidate cells (n=106) that had high CD5 expression were 

selected as the start of the pseudo-time analysis. Then, the median pseudo-time trajectory was 

calculated and used for further NBOR analysis (Schlitzer et al., 2015b). The trajectory was 

separated into four bins as the NBOR input. NBOR then refined the order of cells and clustered 

the genes into four clusters. The smoothed marker expression values in each gene cluster were 

generated to illustrate the trend of expression in the clusters. 

The results obtained from the tSNE, UMAP, isoMAP, Wishbone pseudo-time dimension 

and Phenograph analyses were incorporated as additional parameters and converted to .fcs 

files, which were then loaded into FlowJo to generate heatmaps of marker expression on the 

reduced dimensions. 

 

Human cell flow cytometry: Labeling, staining, analysis and cell sorting 

All antibodies used for fluorescence-activated cell sorting (FACS) and flow cytometry 

were mouse anti-human monoclonal antibodies (mAbs), except for the chicken anti-human 

CADM1 IgY primary mAb. The mAbs used for flow cytometry are listed in the STAR 

METHODS key resources table and all flow cytometry panels are listed in Table S6. Briefly, 

5 x 106 cells/tube were washed and incubated with Live/Dead blue dye (Invitrogen) for 30 min 

at 4 ̊C in PBS and then incubated in 5% heat-inactivated FCS for 15 min at 4 C̊ (Sigma 

Aldrich). The appropriate antibodies diluted in PBS with 2% FCS and 2 mM EDTA were added 

to the cells and incubated for 30 min at 4 ̊C, and then washed and detected with the secondary 
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reagents. For intra-cytoplasmic or intra-nuclear labeling or staining, cells were fixed and 

permeabilized with BD Cytofix/Cytoperm (BD Biosciences) or with eBioscience 

FoxP3/Transcription Factor Staining Buffer Set (eBioscience/Affimetrix), respectively 

according to the manufacturer’s instructions. Flow cytometry was performed on a BD 

FACSFortessa (BD Biosciences) and the data were analyzed using BD FACSDiva 6.0 (BD 

Biosciences) or FlowJo v.10.5.3 (Tree Star Inc.). 

 

Mass cytometry staining, barcoding, acquisition and data analysis 

For mass cytometry, pre-conjugated or purified antibodies were obtained from Invitrogen, 

Fluidigm (pre-conjugated antibodies), Biolegend, eBioscience, Becton Dickinson or R&D 

Systems as listed in the STAR METHODS key resources table. For some markers, 

fluorophore-conjugated or biotin- conjugated antibodies were used as primary antibodies, 

followed by secondary labeling with anti-fluorophore metal-conjugated antibodies (such as the 

anti-FITC clone FIT-22) or metal-conjugated streptavidin, produced as previously described 

(Becher et al., 2014). Briefly, 3 x 106 cells/well in a U-bottom 96 well plate (BD Falcon, Cat# 

3077) were washed once with 200 µL FACS buffer (4% FBS, 2mM EDTA, 0.05% Azide in 

1X PBS), then stained with 100 µL 200 µM cisplatin (Sigma-Aldrich, Cat# 479306-1G) for 5 

min on ice to exclude dead cells. Cells were then washed with FACS buffer and once with PBS 

before fixing with 200 µL 2% paraformaldehyde (PFA; Electron Microscopy Sciences, Cat# 

15710) in PBS overnight or longer. Following fixation, the cells were pelleted and resuspended 

in 200uL 1X permeabilization buffer (Biolegend, Cat# 421002) for 5 min at room temperature 

to enable intracellular labeling. Bromoacetamidobenzyl-EDTA (BABE)-linked metal barcodes 

were prepared by dissolving BABE (Dojindo, Cat# B437) in 100mM HEPES buffer (Gibco, 

Cat# 15630) to a final concentration of 2 mM. Isotopically-purified PdCl2 (Trace Sciences Inc.) 

was then added to the 2 mM BABE solution to a final concentration of 0.5 mM. Similarly, 

DOTA-maleimide (DM)-linked metal barcodes were prepared by dissolving DM 

(Macrocyclics, Cat# B-272) in L buffer (MAXPAR, Cat# PN00008) to a final concentration of 

1 mM. RhCl3 (Sigma) and isotopically-purified LnCl3 was then added to the DM solution at a 

final concentration of 0.5 mM. Six metal barcodes were used: BABE-Pd-102, BABE-Pd-104, 

BABE-Pd-106, BABE-Pd-108, BABE-Pd-110 and DM-Ln-113. 

All BABE and DM-metal solution mixtures were immediately snap-frozen in liquid 

nitrogen and stored at -80oC. A unique dual combination of barcodes was chosen to stain each 

tissue sample. Barcode Pd-102 was used at a 1:4000 dilution, Pd-104 at a 1:2000, Pd-106 and 

Pd-108 at a 1:1000, and Pd-110 and Ln-113 at a 1:500. Cells were incubated with 100 µL 



 31 

barcode in PBS for 30 min on ice, washed in permeabilization buffer and then incubated in 

FACS buffer for 10 min on ice. Cells were then pelleted and resuspended in 100 µL nucleic 

acid Ir-Intercalator (MAXPAR, Cat# 201192B) in 2% PFA/PBS (1:2000), at room 

temperature. After 20 min, cells were washed twice with FACS buffer and twice with water 

before being resuspended in water. In each set, the cells were pooled from all tissue types, 

counted, and diluted to 0.5x106 cells/mL. EQ Four Element Calibration Beads (DVS Science, 

Fluidigm) were added at a 1% concentration prior to acquisition. Cell data were acquired and 

analyzed using a CyTOF Mass cytometer (Fluidigm).  

The CyTOF data were exported in a conventional flow-cytometry file (.fcs) format and 

normalized using previously-described software (Finck et al., 2013). Events with zero values 

were randomly assigned a value between 0 and –1 using a custom R script employed in a 

previous version of the mass cytometry software (Newell et al., 2012). Cells for each barcode 

were deconvolved using the Boolean gating algorithm within FlowJo. The CD45+Lin 

(CD3/CD19/CD20)-HLA-DR+
 population of PBMC were gated using FlowJo and exported as 

an .fcs file. 

 

Generation of indexed-sorting and SMARTseq2 single cell transcriptome data 

PBMCs from a blood donor were indexed-sorted using the Indexed-sorting panel (Table 

S6) on a BD FACSARIAIII (BD Biosciences) into 96 well plates containing 3 µL Lysis buffer 

(see below) using a 70 µm nozzle. Single-cell cDNA libraries were prepared using the 

SMARTSeq v2 protocol (Picelli et al., 2014) with the following modifications: (i) 1 mg/ml 

BSA Lysis buffer (Ambion® Thermo Fisher Scientific, Waltham, MA, USA); and (ii) 200 pg 

cDNA with 1/5 reaction of Illumina Nextera XT kit (Illumina, San Diego, CA, USA). The 

length distribution of the cDNA libraries was monitored using a DNA High Sensitivity Reagent 

Kit on the Perkin Elmer Labchip (Perkin Elmer, Waltham, MA, USA). All samples were 

subjected to an indexed paired-end sequencing run of 2x151 cycles on an Illumina HiSeq 4000 

system (Illumina, San Diego, CA, USA), with 300 samples/lane. Data are available through 

GEO (GEO: GSE132566). 

 

Pre-processing, quality assessment and control and analysis of SMARTseq2 single cell 

transcriptome data 

Paired-end raw reads were aligned to the human reference genome (GRCh38 version 25 

release; Gencode) using RSEM version 1.3.0. Transcript Per Million read (TPM) values were 

calculated using RSEM and used for downstream analysis. Quality control, selection of highly 
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variable genes, PCA, and differential gene analysis was performed using the Seurat R package. 

tSNE and UMAP were used for dimensionality reduction and cell clusters were identified using 

the phenograph algorithm, as detailed above. The expression levels of key signature genes by 

known cell types was used to annotate the cell clusters accordingly. Lastly, signature genes of 

six DC subsets and four monocyte subsets were extracted from a previous study by Villani et 

al., (Villani et al., 2017) and the expression of the top 20 signature genes was overlaid on our 

data in a heatmap format (Figure 3G) or as the mean expression of all signature genes as 

meaning plots (Figure 3H). From the microarray data of Segura et al., (GEO, accession number 

GSE40484; see below for more details on the analysis) (Segura et al., 2013), a list of 

inflammatory DC (inflDC)-specific genes [defined as the intersection of differentially 

expressed genes (DEGs) between inflDC and the four other cell types] was generated and their 

mean expression was overlaid as meaning plots or as a violin plot compiled in Prism 8 

(GraphPad) (Figure 5F). The list of DEGs is available in Table S2. All scRNAseq dot plots and 

meaning plots displaying the gene expression levels or mean signature genes were generated 

using SecGec software (Flow Jo LLC). 

 

Analysis of microarray data from Segura et al.  

To reanalyze microarray data from Segura et al. (Segura et al., 2013), comparisons were 

made on the original submitter-supplied processed data tables using the GEOquery and limma 

R packages from theBioconductor project (Davis and Meltzer, 2007; Smyth, 2004, 2005). The 

GEOquery R package parses GEO data into R data structures that can be used by other R 

packages. 

 

Generation and analysis of bulk RNAseq data  

cDNA libraries were prepared from 100 cells using the SMARTSeq v2 protocol (Picelli et 

al., 2014) with the following modifications: (i) 1 mg/ml BSA Lysis buffer (Ambion® Thermo 

Fisher Scientific, Waltham, MA, USA); (ii) addition of 20 µM TSO; and (iii)  200 pg cDNA 

with 1/5 reaction of Illumina Nextera XT kit (Illumina, San Diego, CA, USA). The length 

distribution of the cDNA libraries was monitored using a DNA High Sensitivity Reagent Kit 

on the Perkin Elmer Labchip (Perkin Elmer, Waltham, MA, USA). All samples were subjected 

to an indexed paired-end sequencing run of 2x151 cycles on an Illumina HiSeq 4000 system 

(Illumina, San Diego, CA, USA), with 23-24 samples/lane. Paired-end reads obtained from 

RNA sequencing were mapped to human transcript sequences obtained from Gencode version 

28 (Harrow et al., 2012) using Salmon (version 0.9.1) (Patro et al., 2017). Transcript 

http://www.bioconductor.org/packages/2.8/bioc/html/GEOquery.html
http://www.bioconductor.org/packages/release/bioc/html/limma.html
http://www.bioconductor.org/
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abundances quantified by Salmon were summarized to gene-level counts and normalized gene-

level abundances in transcript per million (TPM) units using the tximport R/Bioconductor 

package (version 1.2.0). Cell subset-specific DEGs were identified as those that were 

significantly upregulated or downregulated compared to all other cell subsets. To identify these 

genes, DEG analysis was performed using DESeq2 between each cell subset of interest and 

each of the other cell subsets. The maximum p-value (nominal) of the t-test in all comparisons 

(pmax) was used to control the type-I error rate with a threshold of pmax<0.05. After filtering for 

genes that were significant by p-value, the upregulated (or downregulated) genes were selected 

as those for which the fold change in all comparisons was consistently greater (or less) than 

zero. DEG heatmaps were generated using Log2 TPM values. Genes modulated in a cell subset 

due to SLE were identified by performing DEG analysis that compared samples derived from 

SLE patients and healthy controls, where p-values adjusted for multiple testing correction by 

the Benjamini Hochberg method were used to control for the type-I error rate. The list of DEGs 

is available in Table S2. For pathway analyses, lists of genes identified as cell subset-specific 

or SLE modulated by the abovementioned methods, together with the respective fold change 

and p-values, were supplied to Ingenuity Pathway AnalysisTM (IPA) software. IPA analysis 

reported the p-value of enrichment of pathways in the supplied gene lists based on the 

proportions of genes in a pathway that were differentially expressed. Based on the direction of 

the fold change, IPA predicted the up-regulation or down-regulation of pathways as a Z-score, 

where positive and negative scores implied predicted up-regulation and down-regulation, 

respectively. Within the significant pathways reported by IPA, 48 pathways relevant to the 

immunological response were shortlisted and radar plots were used to summarize the p-values 

and Z-scores of these pathways in a gene list. cMAP analysis (Lamb et al., 2006) was 

performed using lists of DEGs between DC2 and DC3 (up and low genes) published by Villani 

et al. For each bulk RNAseq sample, cMAP generated enrichment scores that quantified the 

degree of enrichment (or “closeness”) to the given gene signatures. The enrichment scores were 

scaled and assigned positive or negative values to indicate enrichment for DC3 or DC2 

signature genes, respectively. Data are available through GEO (GEO: GSE132566). 

 

Scanning Electron Microscopy 

Scanning electron microscopy was performed as previously described (See et al., 2017). 

Cytospins were prepared from FACS-purified DCs and stained with the Hema 3 System 

according to manufacturer’s protocol (Fisher Diagnostics). Images were analyzed with a Nikon 

Eclipse E800 microscope (Nikon). For scanning electron microscopy (SEM), sorted cells 
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coated on poly-lysine (Sigma) glass coverslips were fixed in 2.5% glutaraldehyde, washed, 

treated with 1% osmium tetroxide (Ted Pella Inc.), and critical point dried (CPD 030, Bal-Tec). 

Glass coverslips were sputter-coated with platinum in a high- vacuum sputtering device 

(SCD005 sputter coater, Bal-Tec) and imaged with a field emission scanning electron 

microscope (JSM-6701F, JEOL) at an acceleration voltage of 8 kV.  

 

Luminex® Drop Array™ assay on sorted cDC2 populations cultured in SLE patients’ and 

healthy donors’ serum 

CD5+CD163-, CD5-CD163-, CD5-CD163+CD14- and CD5-CD163+CD14+ cDC2 were 

sorted using a BD FACS ARIAIII (BD Biosciences) using the sort panel for stimulations and 

Luminex (Table S6). The cells (2x103) were cultured for 18 h in V-bottomed 96-well culture-

treated plates (total volume, 50 µL) in Roswell Park Memorial Institute 1640 Glutmax media 

(Life Technologies) supplemented with 10% FBS, 1% penicillin/streptomycin (complete 

media) and in the presence of 2% serum from healthy subjects or SLE patients with an inactive 

or an active disease. After the 18 h stimulation, supernatants were collected for Luminex® 

analysis using the ProcartaPlex, Human Customized 55-plex Panel (Thermo Fisher Scientific, 

# PPX-55) to measure the following targets: APRIL, BAFF, BLC, ENA-78, Eotaxin, Eotaxin-

2, Eotaxin-3, FGF-2, Fractalkine, G-CSF, GM-CSF, Gro-, HGF, IFN-, IFN-, IL-10, IL-

12p70, IL-13, IL-15, IL-18, IL-1, IL-1, IL-2, IL-20, IL-23, IL-27, IL-2R, IL-3, IL-31, IL-6, 

IL-7, IL-8, IL-9, IP-10, I-TAC, LIF, MCP-1, MCP-2, MCP-3, MDC, MIF, MIG, MIP-1, 

MIP-1, MIP-3, MMP-1, SCF, SDF-1, TNF-, TNF-, TNF-RII, TRAIL, TSLP, TWEAK, 

VEGF-A. Harvested supernatants were analysed using DA-Cell™ (Curiox Biosystems) 

Luminex® bead-based multiplex assays, which simultaneously measure multiple specific 

protein targets in a single sample. Using DA-Cell™, samples or standards were incubated with 

fluorescent-coded magnetic beads, which had been pre-coated with respective capture 

antibodies. After an overnight incubation at 4°C, the plates were washed twice. Biotinylated 

detection antibodies were incubated with the complex for 30 min and then Streptavidin-PE was 

added and incubated for a further 30 min. The plates were washed twice, then the beads were 

re-suspended with sheath fluid before acquiring on a FLEXMAP® 3D platform (Luminex) 

using xPONENT® 4.0 (Luminex) acquisition software. Data analysis was performed using 

Bio-Plex Manager™ 6.1.1 (Bio-Rad). Standard curves were generated with a 5-parameter 

logistic (5-PL) algorithm, reporting values for both MFI and concentration data. Normalized 
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concentrations of analytes were transformed using the logicle transformation function  (Parks 

et al., 2006) and analyzed using UMAP, as described above. 

 

Allogenic mixed lymphocyte reaction 

Naïve CD4+ T cells were isolated from PBMCs using a Naïve CD4+ T-Cell Isolation Kit 

II (Miltenyi Biotec), according to the manufacturer’s instructions, and labeled with 5 μM 

CellTraceTM Violet dye (ThermoFischer) for 20 min at 20 °C. A total of 5,000 cells from sorted 

cDC2 subsets were co-cultured with 50,000 CFSE-labeled allogenic naïve T cells for 6 days in 

Iscove’s Modified Dulbecco’s Medium (Life Technologies) supplemented with 10% 

KnockOut™ Serum Replacement (Life Technologies). On day 6, the T cells were stimulated 

with 10 μg/ml phorbol myristate acetate (InvivoGen) and 500 μg/ml ionomycin (Sigma 

Aldrich) for 1 h at 37 °C. Then, 10 μg/ml Brefeldin A solution was added for 4 h, after which 

the cells were labeled with membrane markers (described above) and for intracellular cytokines 

(described below). Cells were fixed and permeabilized with BD Cytofix/Cytoperm (BD 

Biosciences), according to the manufacturer’s instructions and stained with cytokine-specific 

antibodies. Flow cytometry was performed using a BD LSRII or a BD FACSFortessa (BD 

Biosciences) and the data were analyzed using BD FACSDiva 6.0 (BD Biosciences) or FlowJo 

v.10 (Tree Star Inc.). 

 

QUANTIFICATION AND STATISTICAL ANALYSIS 

Significance for pathways analyses (see Figure 5G, Figure 6H and Figure S4M) was 

defined by the IPA software (Qiagen). Differences in MFI for cDC2 subsets and cMo in Figure 

4H were defined by parametric one-way ANOVA followed by Tukey’s multiple comparisons 

test. Friedman test (Non-parametric repeated measures ANOVA) followed by Dunn’s multiple 

comparisons test was used to compare the capacity of the four cDC2 subsets to induce 

proliferation and cytokine production by CD4+ T cells in the MLR experiments of Figure 5E. 

Kruskal Wallis (non-parametric one-way ANOVA) followed by Dunn’s multiple comparisons 

test was used to compare the median of each analyte produced by each cDC2 subset in the SLE 

groups against the healthy control group (see Figure 7E). The Mann-Whitney test was used to 

compare data derived from patients with SLE versus healthy subjects or patients with SSc (see 

Figure 6B). Correlation coefficients and p values were calculated as the Pearson’s correlation 

coefficient (see. Figure 6D and Figure S7C).  
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