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Single-cell sequencing of human white adipose
tissue identifies new cell states in health and
obesity
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White adipose tissue (WAT) is an essential regulator of energy storage and systemic metabolic homeostasis. Regulatory net-
works consisting of immune and structural cells are necessary to maintain WAT metabolism, which can become impaired during
obesity in mammals. Using single-cell transcriptomics and flow cytometry, we unveil a large-scale comprehensive cellular cen-
sus of the stromal vascular fraction of healthy lean and obese human WAT. We report new subsets and developmental trajecto-
ries of adipose-resident innate lymphoid cells, dendritic cells and monocyte-derived macrophage populations that accumulate
in obese WAT. Analysis of cell-cell ligand-receptor interactions and obesity-enriched signaling pathways revealed a switch
from immunoregulatory mechanisms in lean WAT to inflammatory networks in obese WAT. These results provide a detailed and

unbiased cellular landscape of homeostatic and inflammatory circuits in healthy human WAT.

AT is the primary metabolic organ utilized for energy

storage in mammals. During dietary nutrient excess,

adipocytes store energy in the form of triacylglycerides
to fuel peripheral organ metabolism during states of caloric restric-
tion through fatty acid release’. Chronic caloric excess results in the
expansion of the WAT through adipocyte hyperplasia and hypertro-
phy, resulting in increased body mass and obesity’. Due to limits on
adipocyte fat storage and cell size, adipocytes can undergo chronic
stress responses and apoptosis during obesity, leading to WAT
inflammation that contributes to a systemic low-grade inflamma-
tory state associated with cardiovascular disease and type 2 dia-
betes'?. However, the cell types and mechanisms responsible for
initiating human WAT inflammation during obesity remain poorly
understood.

In mice, diet-induced or genetic obesity-associated increases in
the cytokines tumor necrosis factor (TNF) and interleukin (IL)-6,
in addition to microRNA-containing exosomes produced by proin-
flammatory macrophages, can subsequently reduce systemic insulin
sensitivity over time’. Furthermore, recruitment and activation of
type 1 immune cells such as CD8" T cells, helper T1 (T}1) cells,
natural killer (NK) cells and type 1 innate lymphoid cells (ILC1s)
contribute to the accumulation of proinflammatory macrophages
in the adipose tissue in an interferon (IFN)-y-dependent manner”.
However, current clinical strategies to target individual proin-
flammatory cytokines or pathways induced by WAT macrophages
in obese patients (that is, anti-TNF) are either ineffective or only
moderately improve insulin sensitivity in obese patients with type 2
diabetes, suggesting that multiple overlapping pathways potentially
maintain WAT inflammation in humans®. Given that the prevalence
of obesity is expected to increase to nearly 50% of the US population
by 2030 (ref. ©), there is a pressing need to understand the complete
cellular composition and cell type-specific inflammatory network of

the healthy human WAT to dissect the mechanisms that may lead to
systemic, chronic, low-grade inflammation and obesity-associated
metabolic dysfunction.

Recent studies employing single-cell RNA-sequencing
(scRNA-seq) or single nuclei RNA-seq have provided broad charac-
terization of the composition of the stromal vascular fraction (SVF)
and adipocytes of human WAT’™. Although these studies have dis-
covered abundant adipocyte, stromal and macrophage populations
with unique roles in WAT homeostasis, their scale was too limited
to represent the full extent of immune cell heterogeneity present
in the tissue. Thus, whether previously annotated WAT immune
populations represented bona fide cell lineages, activation or devel-
opmental states or a complex mixture of unidentified cell types
remained unknown. Therefore, we sought to generate a large-scale,
high-dimensional analysis of sorted immune cells derived from
healthy lean and obese patient WAT to more precisely define the
changes in immune composition and signaling networks that are
associated with human obesity at single-cell resolution.

Our analysis of approximately 110,000 human cells present in
the SVF of human WAT revealed 28 distinct cell types, including
8 previously uncharacterized immune populations. These con-
sisted of unique subsets of adipose-resident NK cells, innate lym-
phoid cells (ILCs), macrophages and dendritic cells (DCs). Using
independent cohorts of healthy patient samples, we demonstrated
that distinct subsets of stromal cells, T cells, DCs, macrophages
and ILCs accumulate in obese WAT by flow cytometry. Finally,
analysis of single-cell ligand-receptor pairs and upstream regula-
tors revealed distinct obesity-associated inflammatory interactomes
and signalomes enriched in WAT-resident immune cells. Our
high-dimensional single-cell WAT atlas provides insight into the
potential functions, regulation and interactions of known and new
human WAT cell types.
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Single-cell sequencing reveals a diverse WAT immune system.
To understand the unbiased cellular composition of the SVF of
healthy human WAT, we isolated single-cell suspensions of deep
subcutaneous abdominal adipose tissue from three lean and three
obese patients. Patients were considered ‘healthy’ if they had no his-
tory of cardiovascular or liver disease, diabetes or immunological
disorders (Supplementary Table 1). Single-cell suspensions were
sorted into CD45* (hematopoietic) and CD45~ (nonhematopoi-
etic) populations for each patient sample, and then profiled using
10x Genomics Chromium droplet scRNA-seq (Fig. 1a). The result-
ing quality-controlled, human WAT SVF single-cell atlas included
82,577 cells that were clustered based on differential expression of
marker genes and visualized using a uniform manifold approxi-
mation and projection (UMAP) plot (Fig. 1b, Extended Data Fig.
la and Supplementary Table 2). Cluster annotation and identifi-
cation were corroborated using overlapping marker genes from
the Human Cell Atlas and previous scRNA-seq datasets profiling
human immune lineages and parenchymal cells'""*. Clustering
analysis revealed 19 distinct clusters: adipocyte precursor cells
(APCs), preadipocytes (pADs), smooth muscle cells (SMCs), endo-
thelial cells (Endos), conventional type 1 DCs (cDCls), perivascular
macrophages (PVM:s), nonclassic monocytes (ncMos), B cells, naive
CD4* T cells, naive CD8* T cells, cytotoxic CD8* T cells, CD8* yd
T cells, regulatory T (T,,,) cells, mucosa-associated invariant T cells
(MAITs), mature NK (mNK) cells, and four previously uncharac-
terized clusters of myeloid-like cells, conventional type 2B DC-like
cells (cDC2Bs), NK-like cells and non-NK ILCs (Extended Data
Figs. 1a,b and 2a—c).

Identified clusters contained cells from both lean and obese
WAT samples, suggesting that each identified cell type was associ-
ated with a common cell lineage rather than derived from a single
patient sample (Fig. 1c). Analysis of the frequency of lean and
obese patient cells in each cluster revealed an increased propor-
tion of Endos and adipose-resident DCs, unconventional T cells,
ILCs, and myeloid-like and NK-like cells in obese WAT samples.
In contrast, frequency analysis suggested a decreased or unchanged
proportion of pADs, circulating CD8* and CD4* T cell subsets,
B cells and other myeloid populations (Fig. 1d,e). To interrogate
these changes, we first used an independent cohort of four lean,
four overweight and three obese individuals to validate all iden-
tified structural cell and conventional and innate-like T cell pop-
ulations by flow cytometry (Extended Data Figs. 1c and 2d, and
Supplementary Table 3). Using an additional cohort of four lean
patients, we confirmed KLRB1 (CD161) expression on a defined
population of MAITs and detected the presence of CD4*CD8-
and CD4°CD8" y8 T cells, in addition to a rare population of
Va24-a18-positive invariant NK T cells that could not be resolved
by our 36,601, non-B cell lymphoid lineage, scRNA-seq dataset
(Extended Data Fig. 2e,f and Supplementary Table 3). Flow cytom-
etry further supported our scRNA-seq analysis, demonstrating that
WAT Endos and APCs, as well as y& T cells, MAITs, and CD4*
T and T, cells positively correlated with increasing patient body
mass index (BMI). In contrast, SMCs, pADs and CD8* T cells
had a negative correlation. Interstitial progenitor cells had no cor-
relation with patient BMI (Fig. 1f,g, and Extended Data Figs. 1d
and 2g). Although these results suggested that human obesity is
associated with an accumulation of diverse nonimmune and lym-
phoid cell lineages consistent with tissue-resident phenotypes, how
WAT-resident ILC and myeloid populations changed during obe-
sity remained unclear. Several of the obese-enriched cell clusters
(NK cell like, myeloid cell like, ILC, cDC2B like) probably repre-
sented heterogeneous populations of transcriptionally similar cell
types or new cell subsets that have not been described previously,
suggesting that analysis of a larger sample size from sorted subsets
was necessary to confirm cell-lineage identification.
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Unique WAT-resident ILC subsets accumulate in obese patients.
Previous studies from mice and humans suggest that ILCs consist
of a heterogeneous family that can be classified into three distinct
groups based on the expression of transcription factors, cell surface
markers and effector cytokines””. Our CD45%-sorted scRNA-seq
dataset suggested that CD200RI expression could distinguish ILCs
from mNK cells, similar to previous studies performed in mice
and human peripheral blood mononuclear cells (PBMCs)'®". To
examine whether further cellular heterogeneity existed in human
WAT ILCs, we pooled single-cell suspensions from the WAT
of either seven lean or five obese patients and sorted CD45*Lin-
CD7*CD200R1* or CD45"Lin"CD7+*CD200R1- populations that
were subsequently analyzed using scRNA-seq (Extended Data Fig.
3a and Supplementary Table 4). Assessment of 14,849 pooled cells
from both sorted populations revealed 7 distinct clusters based on
differential expression of marker genes (Fig. 2a, Extended Data
Fig. 3b and Supplementary Table 5). Similar to the CD45%-sorted
scRNA-seq dataset, mNK cells comprised a distinct cluster marked
by expression of FCGR3A, FGFBP2, KLRFI and EOMES (Fig. 2b
and Extended Data Fig. 3b,c). However, we also identified the
presence of two additional distinct NK cell subsets derived from
CD45*Lin"CD7*CD200R1- cells that expressed lower levels of
FCGR3A and KLRFI, and displayed similar cluster marker expres-
sion with previously identified NK-like cell clusters: one cluster
of NK-like cells discerned by expression of IL7R, SELL and CD2
similar to previously described CD56"¢" immature NK (iNK) cells
in human peripheral tissues'®, and a population of NK-like cells
distinguished by expression of CXCR6, KLRCI and GZMK consis-
tent with tissue-resident NK (trNK) cells described in the human
liver'** (Fig. 2b and Extended Data Fig. 3b,c). Four clusters did
not express the NK cell-lineage-associated genes IRF8, EOMES,
KLRF1, NCAMI or PRFI. Instead, these clusters could be distin-
guished from NK-lineage cells based on CD200RI and IL7R coex-
pression and were derived from sorted CD45*Lin"CD7*CD200R1*
cells, but not CD45*Lin"CD7*CD200R1" cells, indicating that these
clusters represented ILCs (Fig. 2a-c and Extended Data Fig. 3b-d).
WAT ILC clusters were defined based on differential expression of
marker genes: GATA3 and ILIRLI consistent with ILC2s described
in mice and humans®'~**; ZNF683 and TBX21 consistent with ILCl1s
described in mice'*'; CCR6, ILIRI and IL23R consistent with ILC3s
described in mice and humans****; and SELL and ILIRI consis-
tent with circulating ILC precursor cells (ILCPs) found in human
blood*** (Fig. 2b,c and Extended Data Fig. 3b,c). These results con-
firmed that CD200R1 could be used as a bona fide surface marker
to distinguish ILCs from NK-lineage cells in human WAT. Analysis
of the frequency of lean and obese patient cells in each cluster sug-
gested an accumulation of trNK cells and ILC3s in obese WAT, with
a decrease in mNK cells and ILCP-like cells, and little change in
other identified subsets (Extended Data Fig. 3e).

To functionally validate the existence of identified NK cell and
ILC clusters, we utilized WAT samples from 2 additional cohorts of
26 (10 lean, 9 overweight, 7 obese) and 12 (5 lean, 4 overweight, 3
obese) patients, respectively (Supplementary Table 3). Flow cytome-
try experiments corroborated the results from our scRNA-seq anal-
ysis, supporting the identification of three distinct IFN-y-producing
NK cell populations based on PERFORIN, CD62L, CD16, TBET
and EOMES expression: TBETMEOMES™PERFORIN®CD16*
mNK cells; TBET"EOMES"PERFORIN™CD16- trNK cells; and
TBET®EOMES°PERFORIN™CD16-CD62L*~ iNK cells (Fig. 2d,e
and Extended Data Fig. 4a,c). Comparison of WAT NK cell subsets
with human PBMC-derived CD56%™ and CD56"" NK cells sug-
gested that, although WAT mNK cells phenotypically overlap with
CD56% NK cells, WAT iNK and trNK cells were phenotypically dis-
tinct from CD56" NK cells and potentially represent unique sub-
sets of the NK-cell lineage found in the WAT (Fig. 2¢). Furthermore,
mature CD200R1* ILC populations did not express PERFORIN or
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Fig. 1| Single-cell sequencing reveals the cellular heterogeneity of the SVF of human WAT. a, Schematic of the experimental pipeline. Human adipose
tissue was isolated from healthy patients (patient information in Supplementary Table 1), dissociated into single-cell suspensions, sorted into CD45* and
CD45- populations, and analyzed using 10x Genomics Chromium droplet scRNA-seq. Cells were clustered via differential gene expression, and ligand-
receptor analysis was performed to assess the interactions between cell types. b,c, UMAP plot of 82,577 human adipose cells isolated from the SVF

of 3 lean and 3 obese patients. b, Annotations are derived from cluster-specific analysis (Extended Data Fig. 1). ¢, UMAP indicating the patient sample
classification as lean (red) or obese (blue). d,e, Boxplots showing the proportion of nonimmune (d) and immune (e) cells derived from n=3 lean (red)
and n=3 obese (blue) patients for each cell type. The center is the median, the box limits the upper and lower quartiles, and the whiskers are 1.5x the
interquartile range. f,g, Density correlation analysis of accumulating nonimmune (f) and T cell (g) subsets with patient BMI. Line of best fit and 95% Cls
are shown for each plot. Each point represents an individual patient. Linear regression and two-tailed Pearson'’s correlation analysis with 95% Cls were
conducted. P< 0.05 was considered significant.
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EOMES, and could be discerned based on the expression of sev-
eral transcription factors, surface markers and signature cytokines
after stimulation: T-bet, IFN-y and IL-2 expression defined ILCls;
CRTH2 and IL-13 expression defined ILC2s; and NKp44, IL-1 recep-
tor type 1 (IL-1R1), CCR6, RORC" and IL-17A expression defined
ILC3s (Fig. 2e,f and Extended Data Fig. 4b,d,e). CD62L, the lack of
other mature ILC markers and the absence of cytokine production
defined the ILCP-like population, similar to results obtained with
CD200R1*CD62L* ILCPs derived from human PBMCs (Fig. 2f and
Extended Data Fig. 4d-f). To confirm whether specific subsets of
WAT ILCs accumulate during obesity, we examined the frequency
and density of each identified NK cell and ILC population from
WAT samples of lean, overweight and obese patients. WAT mNK
cells displayed decreased frequency and density in obese compared
with lean patients, and negatively correlated with patient BMI (Fig.
2g,h and Extended Data Fig. 4h). iNK and trNK cells increased in
frequency, but not density, and did not significantly correlate with
patient BMI, suggesting that iNK and trNK cells do not accumulate
during obesity, but represent a larger proportion of NK-cell sub-
sets in obese WAT due to depletion of mNK cells (Fig. 2g,h and
Extended Data Fig. 4h). Analysis of adipose-resident ILC popula-
tions revealed similar frequencies and densities of ILCls in lean
and obese patients (Fig. 2g,h and Extended Data Fig. 4i). ILC2s
decreased in frequency and density in obese patients, consistent
with previous reports in humans and mice”, but did not signifi-
cantly negatively correlate with increasing patient BMI due to simi-
lar densities of WAT ILC2s in overweight and lean patients (Fig. 2g
and Extended Data Fig. 4g,i). ILC3s and ILCP-like cells increased in
frequency and density in obese WAT, and positively correlated with
patient BMI, suggesting that WAT-resident ILC3s preferentially
accumulate in obese patients compared with other mature ILC sub-
sets (Fig. 2g,h and Extended Data Fig. 4i).

Although circulating CD62L* ILCPs have been found to give
rise to all mature ILCs in humans®, UMAP visualization of sorted
ILC subsets suggested that the identified WAT ILCP-like popula-
tion was more transcriptionally similar to ILC1s and ILC3s than to
ILC2s, suggesting that ILCP-like cells might represent a committed
precursor to ILCls and ILC3s. To test this hypothesis, we utilized
RNA-velocity analysis” to determine the transcriptional fate of the
ILCP-like population in silico (Fig. 3a). Projection of the veloc-
ity field arrows on to the UMAP plot extrapolated future states of
ILCP-like cells to both mature ILC1 and ILC3 populations (Fig. 3a).
Furthermore, CytoTRACE analysis™ suggested that ILCP-like cells
represented less-differentiated cells and that progression toward
either the ILC1 or ILC3 cell states increased the differentiation score
(Fig. 3b). Manually averaged principal curves were assigned based
on RNA-velocity and CytoTRACE analyses, suggesting a clear
developmental trajectory from ILCP-like cells to ILC1 and ILC3,

but not ILC2, populations (Fig. 3c). Monocle pseudotime analysis
further corroborated the ILCP-like cells to ILC1 and ILC3 transi-
tion, and assessment of the frequency of lean and obese patient cells
in each cell cluster revealed a shift in frequency from ILCP-like cells
and ILCls in lean samples to ILC3s in obese samples (Fig. 3d.e).
Analysis of differentially expressed genes (DEGs) between the ILC1
and ILC3 fates from ILCP-like cells showed a clear bifurcation,
further suggesting a developmental switch to the ILC3 fate during
obesity (Extended Data Fig. 5). Ingenuity pathway analysis (IPA)
implicated both IL-23 and STAT3 signaling as important media-
tors of the transition to the ILC3 fate, whereas IFN-a coupled with
ID2 and STATS5B signaling regulated the transition to the ILC1 fate
(Fig. 3f,g and Supplementary Table 6,7). These results suggest that
a previously unidentified shared ILC1-ILC3 precursor exists in the
human WAT, and that the accumulation of WAT-resident ILC3s
during obesity may be due to increased ILC3 differentiation from
ILCP-like cells.

Distinct DC and macrophage subsets accumulate in obese WAT.
To examine whether further cellular heterogeneity existed in human
WAT myeloid cells, we pooled single-cell suspensions from the WAT
of either seven lean or five obese patients and sorted CD45*Lin-
CD11b*CD14* and CD45*Lin"CD11b™CD14™HLA-DR*CD11c*
populations that were subsequently analyzed using scRNA-seq
(Extended Data Fig. 6a and Supplementary Table 4). Assessment of
pooled cells from both sorted populations resolved 12,824 healthy
human WAT DCs, macrophages, monocytes and neutrophils that
clustered into 10 distinct populations based on differential expres-
sion of marker genes (Fig. 4a,b, Extended Data Fig. 6b-d and
Supplementary Table 8). Our analysis identified three populations
of monocytes: ncMos based on expression of FCGR3A and HES4,
Mo-1s by expression of FCERIA and Mo-2s via increased expres-
sion of CSF3R, FCAR and SELL, compared with Mo-1s (Fig. 4b and
Extended Data Fig. 6b-d). Using cluster annotation and cell cluster
identification data from the Human Cell Atlas and other previously
published datasets'*-'>*!, we created module scores to assess the
identity of the Mo-1 and Mo-2 populations (Supplementary Table 9).
Analysis of gene expression data and module score results suggested
that Mo-1s and Mo-2s both displayed enrichment for the classic
monocyte gene module, suggesting the presence of two cell states of
classic monocytes (Extended Data Fig. 6e). The scRNA-seq analysis
also identified a population of human WAT neutrophils based on
expression of THBSI and S100A12, which displayed enrichment
for the neutrophil gene module compared with other myeloid cell
clusters (Fig. 4b and Extended Data Fig. 6b,c,f). We confirmed the
presence of two previously identified macrophage subsets pres-
ent within the human WAT: TREM2, CD9 and LPL expressing
lipid-associated macrophages (LAMs)®, LYVEI, SELENOP and

>
>

Fig. 2 | Single-cell analysis unveils unique human WAT-resident ILC subsets. a, UMAP plot of 14,849 human WAT CD45*Lin"CD7+*CD200R1* ILCs or
CD45*Lin"CD7+CD200R1" NK cells isolated from the SVF of an independent cohort of 7 lean and 5 obese patients. Cluster analysis yields seven distinct
clusters comprising ILCs and NK cells. b, Dot plot showing selected top DEGs for the populations depicted. Color saturation indicates the strength of
expression in positive cells, whereas dot size reflects the percentage of each cell cluster expressing the gene. ¢, Violin plots showing RNA expression

levels of selected cluster markers for the indicated cell clusters. d, Representative gating strategy for scRNA-seqg-defined human WAT NK cell populations
(CD45*Lin"(CD3*TCRap+*CD19+*CD34+*CD14*CD5+*TCRy&*)CD7+TBET*CD200RT-): mNK cells, EOMES*PERFORIN*; trNK cells, EOMESMPERFORIN™,

iNK cells, EOMES"°PERFORIN™, e, Representative histograms of CD16, perforin, Eomes, CD62L and T-bet expression on human WAT NK cells, ILC1s, and
CD569m and CD56&" NK PBMC populations. f, Representative histograms of CD62L, IL-1R1, CCR6, IL-2, IFN-y, IL-13 and IL-17 expression on human WAT
ILC populations. Unstim refers to CD45*Lin"CD7+*CD200R1* cells cultured without PMA and ionomycin. g, Relative frequencies of ILC populations as a
percentage of Lin"CD7* cells (above; n=8 lean, n=_8 overweight and n=7 obese patients) or Lin"CD7*CD200R1* cells (below; n=5 lean, n=4 overweight
and n=3 obese patients) isolated from the human WAT SVF. The P values are as follows: mNK cells: P=0.0065; iNK cells: P=0.0467; trNK cells:
P=0.0138; ILC2 lean versus obese: P=0.0032; ILC2 overweight versus obese: P=0.0113; ILCP-like cells: P=0.0255; ILC3s: P=0.0341. NS, not significant.
h, Density correlation analysis of the depicted ILC types with patient BMI. Line of best fit and 95% Cls are shown for each plot. d-f, Data are representative
of three individual patient samples. Each point represents an individual patient. Samples were compared using a two-tailed Student'’s t-test with Welch's
correction, assuming unequal s.d., and data are presented as individual points with the mean+s.e.m. (*P<0.05, **P< 0.01). Linear regression and
two-tailed Pearson's correlation analysis with 95% Cls were conducted. P < 0.05 was considered significant.

642

NATURE IMMUNOLOGY | VOL 22 | MAY 2021 | 639-653 | www.nature.com/natureimmunology


http://www.nature.com/natureimmunology

NATURE IMMU

CIQ, expressing PVMs¥, and an uncharacterized inflammatory
macrophage (IM) population with high expression of CCL3L1, TNF
and CXCL3 (Fig. 4b and Extended Data Fig. 6b,c). Furthermore,
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analysis of the frequency of lean and obese patient cells in each clus-
ter revealed an accumulation of IMs, LAMs, and Mo-1 and Mo-2
cells with a decrease in PVMs, neutrophils and ncMos in obese
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Fig. 3 | RNA-velocity and CytoTRACE analyses identify a shared ILC precursor to mature adipose ILC1s and ILC3s. a, RNA-velocity analysis of WAT

ILC clusters with velocity field projected onto the UMAP plot of human adipose ILCs subclustered from Fig. 2. Arrows show the local average velocity
evaluated on a regular grid and indicate the extrapolated future states of cells. b, CytoTRACE scatter plot of WAT ILC clusters. The color indicates the level
of differentiation from low (gray) to high (red). ¢, UMAP plot of WAT ILC clusters with velocity arrows and corresponding principal curves shown in bold.
Principal curves indicate the manually averaged differentiation directionality projected by RNA-velocity and CytoTRACE analyses. d, Monocle analysis of
the ILCP-like, ILCT and ILC3 populations, indicating pseudotime directionality (left) and cell type (right): ILC1s (red), ILCP-like cells (green) and ILC3s (blue).
e, Bar plots showing the proportion of the indicated ILC clusters derived from seven pooled lean or five pooled obese patients. f,g, IPA of putative upstream
regulators of the transition from either ILCP-like cells to ILC3s (f) or ILCP-like cells to ILC1s (g).

patient samples (Extended Data Fig. 6g). To confirm the presence of
scRNA-seq-identified cell lineages, we utilized WAT from an addi-
tional patient cohort (seven lean, seven overweight, seven obese;
Supplementary Table 3). Analysis of macrophage populations cor-
roborated the results from our scRNA-seq data by supporting the
identification of three different CD11B*CD14*CD15 CD64*CD68*
macrophage subsets (Fig. 4c and Extended Data Fig. 7a,b). WAT
macrophage subsets were defined based on differential expression
of MRC1 (CD206) and CD11c, with expression of CD9 distinguish-
ing CD206*CD11c* LAMs, and CD206*CDl11c distinguishing
WAT PVMs as described previously**>* (Fig. 4c,d). To confirm
that CD206-CD11c* WAT macrophages represented IMs, we har-
vested WAT from an additional cohort of individuals (four lean,
two overweight, four obese) and profiled endogenous IL-1p and
TNF production by flow cytometry (Supplementary Table 3).
Although PVMs showed little endogenous production of TNF or
IL-1pB, both LAMs and IMs showed increased IL-1p production and
a trend toward higher TNF production in obese compared with
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lean patients, suggesting that IM and LAM populations are sub-
sets of proinflammatory macrophages in obese WAT (Fig. 4e and
Extended Data Fig. 7¢).

In contrast to our CD45"-sorted scRNA-seq dataset, DC-sorted
scRNA-seq analysis identified three distinct WAT DC popula-
tions: conventional type 1 DCs (cDCls) defined by expression of
IRF8, DPP4, CADM1 and XCRI, coventional type 2 DCs subset A
(cDC2As), via expression of CDIC, IRF4, IL7R and LAMP3, and
conventional type 2 DCs subset B (cDC2Bs) by increased expres-
sion of CDIC, IRF4, FCERIA and CLECIOA, consistent with the
phenotypes of DC subsets recently reported in human blood™ (Fig.
4f, Extended Data Fig. 6b,c and Supplementary Table 4). Validation
of DC subsets within the human WAT tissue was performed
using an additional patient cohort (nine lean, nine overweight,
seven obese) and confirmed the presence of three distinct popu-
lations (Fig. 4g, Extended Data Fig. 7a and Supplementary Table
3). WAT cDCls were distinguished by expression of DPP4 (CD26)
CD26CD1C, whereas ¢cDC2s could be differentiated into two
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subsets by expression of CD206, CD14, FCER1A and CLEC10A:
cDC2Bs (CD26-CD1C*CD206*CD14"FCER1A*CLEC10A*);
cDC2As (CD26°CD1C*CD206-CD14™FCER1A CLEC10A") (Fig.
4g and Extended Data Fig. 7d). Although DC subset frequencies
did not change, their densities increased in obese compared with
lean patients, positively correlating with increasing patient BMI
(Fig. 4h,i and Extended Data Fig. 7e). Furthermore, IMs and LAMs
were not present in high frequencies or densities in lean WAT, but
drastically accumulated in obese WAT and positively correlated
with increasing patient BMI (Fig. 4j,k and Extended Data Fig. 7f,g).
Altogether, these data suggest that cDC1, cDC2B, cDC2A, LAM
and IM populations accumulate in obese human WAT (Fig. 4h-k
and Extended Data Fig. 7e,g).

Classical monocytes differentiate into PVMs and IMs in WAT.
Studies in mice have shown that recruitment of CCR2-dependent
monocytes is required for adipose tissue inflaimmation, proin-
flammatory macrophage accumulation and insulin resistance’.
Although these studies suggest that circulating monocytes give rise
to most of the IMs in obese mice, previous work has also proposed
that WAT-resident macrophages are polarized to a metabolically
activated proinflammatory phenotype®**. However, the ontogeny
and upstream regulators of inflammatory macrophages in human
WAT are not well understood. To test whether scRNA-seq-identified
monocyte or macrophage subsets were precursors to WAT IMs and
LAMs, we used RNA-velocity analysis (Fig. 5a). UMAP visualiza-
tion of manually subclustered monocyte and macrophage subsets
suggested that the Mo-1 population was most transcriptionally
related to both the Mo-2 and the PVM populations, whereas Mo-2s
appeared to be more transcriptionally similar to IMs. Projection
of the velocity field arrows on to the UMAP plot showed a strong
directional flow of the Mo-1 cluster to both PVM and IM fates,
suggesting that human WAT macrophages are derived from the
Mo-1 cell state in silico (Fig. 5a). CytoTRACE analysis indicated
that both PVMs and a subset of Mo-1s were the least differentiated
cell states, whereas LAMs, Mo-2s and IMs represented more highly
differentiated cell types (Fig. 5b). Manually averaged principal
curves incorporating both RNA-velocity vectors and CytoTRACE
differentiation scores suggested distinct developmental trajecto-
ries from Mo-1s to PVMs and IMs, with Mo-2s representing an
additional transition state between Mo-1s and IMs in obese cells,
as well as differentiation from PVMs to LAMs (Fig. 5¢). Monocle
pseudotime analysis further supported the bifurcation of PVM and
IM fates from Mo-1s (Fig. 5d). Analysis of the frequency of lean and
obese patient cells in each cell cluster displayed a preference of Mo-1
transitioning to IMs rather than to PVMs in obese cells, suggesting a
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developmental shift from monocyte-derived PVMs in lean patients
to polarization of Mo-1s to IMs in obese WAT (Fig. 5¢). Analysis
of the DEGs between PVM and IM fates showed a clear bifurca-
tion in gene expression programs (Extended Data Fig. 8). We then
assessed the potential upstream regulators of the DEGs between
Mo-1s to PVMs and IMs as well as PVMs to LAMs using IPA (Fig.
5f-h and Supplementary Tables 10-13). This implicated proinflam-
matory cytokines (TNEF, IFN-vy, IL-1p, IL-6, oncostatin M (OSM)
and migration inhibition factor (MIF)) and signaling pathways
(Jun-Fos) as significant mediators of the transition of Mo-1s to IMs,
whereas anti-inflammatory cytokines (IL-1RA, IL-13 and IL-37)
and transcription factors (NANOG, MAFB, MEF2C and GATA4)
were suggested to regulate the transition to PVMs (Fig. 5f,g). IPA
suggested that similar proinflammatory cytokines TNE IFN-y,
IL-1p and IL-12A, and signaling pathways involving Jun-Fos, medi-
ated the transition from PVMs to LAMs (Fig. 5h). Our analysis also
suggested hypoxic signaling pathways involving hypoxia-inducible
factor (HIF)-1a, aryl hydrocarbon receptor nuclear translocator
(ARNT), and endothelial PAS domain protein 1 (EPASE1) may
regulate the PVM-to-LAM transition. Thus, these results suggest an
obese WAT microenvironment-induced shift in monocyte-derived
macrophage development toward proinflammatory subsets influ-
enced by specific proinflammatory cytokines and hypoxia.

Ligand-receptor analysis reveals WAT interactomes. Given the
observed changes in immune composition of obese compared
with lean human WAT, we next analyzed how WAT cellular com-
munication networks changed during obesity. To do this, we per-
formed ligand-receptor analysis on all lean WAT cells acquired
using CellPhoneDB* to generate a lean WAT homeostatic inter-
actome (Supplementary Table 14). CellPhoneDB ligand-receptor
analysis revealed thousands of structural cell-to-immune as well
as immune-to-immune interactions (Fig. 6a). Connectome web
analysis of putative WAT-resident populations revealed structural
cells, DCs, ILC subsets and PVMs as central communication hubs
in the healthy lean WAT (Fig. 6b). Analysis of highly expressed
interactions uncovered various uncharacterized and validated
signaling pathways implicated in adipose tissue homeostasis and
immunoregulation in mice (Fig. 6¢). Analysis of the lean inter-
actome suggested that cDC2As may serve an immunoregulatory
role via production of growth arrest-specific 6 (GAS6), Jaggedl
(JAGL1), platelet-derived growth factor (PDGF)P and AREG, inter-
acting with APCs, pADs, Endos and SMCs. These cells could con-
tribute to the maintenance of the WAT via interactions involving
Nectin2 and inducible co-stimulator ligand (ICOSLG) with T,,
populations***' and CD200-CD200R with ILCs*. Furthermore,

>
>

Fig. 4 | Single-cell analysis identifies unique cell lineages within human WAT myeloid populations. a, UMAP plot of 12,824 pooled human adipose
myeloid cells isolated from the SVF of 7 lean and 5 obese patients. Cluster analysis yields ten distinct clusters comprising DCs, macrophages,

monocytes and neutrophils (Neu). b, Dot plot showing selected top DEGs for the neutrophil, monocyte and macrophage populations depicted. ¢,
Representative gating strategy for scRNA-seqg-defined human WAT macrophage populations (CD45*Lin"(CD3*TCRap*CD19+*CD34+CD5*CD7+CD1c*)
HLA-DR+*CD11b*CD14+): PVMs, CD206*CD11c; LAMs: CD206*CD11ct; IMs: CD206°CD11c*. d, Representative flow cytometry histogram of CD9
expression on human WAT macrophage populations. e, Flow cytometry analysis of endogenous IL-1 production by human WAT macrophage subsets
from an additional n=4 lean, n=2 overweight and n=4 obese patients (LAMs: P=0.0158; IMs: P=0.0204). Each point represents an individual. f,

Dot plot showing selected top DEGs for indicated DC subsets. g, Representative gating strategy for scRNA-seg-defined human WAT DC populations
(CD45*Lin"(CD3*TCRap+*CD19+CD34+*CD7+CD16+*CD88+CD89*)HLA-DR*CD14™CD11c*): cDCls, CD1c"CD26% cDC2As CD1c*CD26-CD206-CD14™,
c¢DC2Bs, CD1c*CD26°CD206+*CD14". h, Relative frequencies of DC subsets as a percentage of Lin"CD11ctHLA-DR* cells isolated from the SVF of WAT
from n=9 lean, n=9 overweight and n=7 obese patients. NS, not significant. i, Density correlation analysis of the depicted DC subsets with patient

BMI. Line of best fit and 95% Cls are shown for each plot. j, Relative frequencies of macrophage populations as a percentage of Lin"CD11b*CD14+ cells
isolated from the SVF of WAT from n=7 lean, n=7 overweight and n=7 obese patients. PVM lean versus obese: P=0.0054; PVM overweight versus
obese: P=0.0362; LAM lean versus obese: P=0.0052; LAM overweight versus obese: P=0.0088; IMs: P=0.0404. k, Density correlation analysis of the
indicated macrophages with patient BMI. Line of best fit and 95% Cls are shown for each plot. Each point represents an individual patient. ¢,d,g, Data are
representative of three individual patient samples. Samples were compared using a two-tailed Student's t-test with Welch's correction, assuming unequal
s.d., and data are presented as individual points with the mean +s.e.m. (*P <0.05, **P < 0.07). Linear regression and two-tailed Pearson'’s correlation

analysis with 95% Cls were conducted. P < 0.05 was considered significant.
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cDC2As uniquely expressed the chemokines CCL17, CCL22 and
CCL19, and the cytokine IL-15, which interacted with ILCs, NK
cells and APCs, suggesting additional roles for cDC2As in the
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recruitment and maintenance of innate lymphocytes and progeni-
tor cell types in the lean WAT. pADs expressed IL-15RA, suggesting
a synergistic mechanism with ¢cDC2A-derived IL-15 to regulate
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Fig. 5 | RNA-velocity analysis uncovers a distinct monocyte state upstream of adipose IMs in obese individuals. a, RNA-velocity analysis of WAT
monocyte and macrophage clusters with velocity field projected on to the UMAP plot of human adipose myeloid cells subclustered from Fig. 4. Arrows
show the local average velocity evaluated on a regular grid and indicate the extrapolated future states of cells. b, CytoTRACE scatter plot of WAT
monocyte and macrophage clusters. The color indicates the level of differentiation from low (gray) to high (red). ¢, UMAP plot of WAT monocyte

and macrophage clusters with velocity arrows and corresponding principal curves shown in bold. Principal curves indicate the manually averaged
differentiation directionality projected by RNA-velocity and CytoTRACE analyses. d, Monocle analysis of the Mo-1, PVM and IM populations indicating
pseudotime directionality (left) and cell type (middle): PVM (red), Mo-1 (blue), IM (red); and patient source classification as lean or obese (right): lean
(red), obese (blue). e, Bar plots showing the proportion of the indicated myeloid populations derived from seven lean and five obese patients. f-h, IPA of
putative upstream regulators (left) and transcription factors (right) implicated in the Mo-1-to-IM transition (f), the Mo-1-to-PVM transition (g) or the
PVM-to-LAM transition (h).

WAT lymphocyte populations. In contrast, PVMs probably play A (VEGFA), transforming growth factor (TGF)p and PDGEFC.
an important role in WAT homeostasis through interactions Among ILCs, ILC3s may play similar homeostatic roles to ILC2s
with structural cells involving vascular endothelial growth factor via ICOS and TNF receptor superfamily member 25 (TNFRSF25)

>
>

Fig. 6 | CellphoneDB analysis reveals the lean human WAT interactome. a, Interaction heatmap plotting the total number of lean WAT-derived cell
receptor (y axis) and ligand (x axis) interactions for the specified cell types. The color represents the number of interactions between cell types: higher
number of interactions (red), lower number of interactions (blue). b, Connectome web analysis of lean interacting tissue-resident cell types based on
expression of the ligand in at least 25% of the cell population. Vertex (colored cell node) size is proportional to the number of interactions to and from
that cell, whereas the thickness of the connecting lines is proportional to the number of interactions between two nodes. ¢, Dot plots showing expression
of ligands (left) and receptors (right) in human tissue-resident WAT cells; only ligands and receptors from cell types with detected expression (>25%)
are shown. Implicated chemokines can be found in the lower panel. Color saturation indicates the strength of expression in positive cells, whereas dot size
reflects the percentage of each cell cluster expressing the gene.
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signaling**, and trNK cells may function in maintaining DC
populations in the lean adipose tissue via CSF2-CSF2R signaling.
Together, these results implicate diverse structural and immune
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(Ko c) 4

cell crosstalk in the maintenance of human WAT homeostasis, and
suggest that protective anti-inflammatory mechanisms may be
active within healthy lean WAT.
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Fig. 7 | CellphoneDB analysis predicts a dramatic remodeling of the human WAT interactome in obesity. a, Interaction heatmap plotting the total number
of lean WAT-derived cell receptor (y axis) and ligand (x axis) interactions for the specified cell types. The color represents the number of interactions
between cell types: higher number of interactions (red), lower number of interactions (blue). b, Connectome web analysis of obese highly interacting cell
types based on expression of the ligand in at least 25% of the cell population. Vertex (colored cell node) size is proportional to the number of interactions
to and from that cell, whereas the thickness of the connecting lines is proportional to the number of interactions between two nodes. ¢, Dot plots showing
expression of ligands (left) and receptors (right) in human WAT cells; only ligands and receptors from cell types with detected expression (>25%) are
shown. Implicated chemokines can be found in the lower panel. Color saturation indicates the strength of expression in positive cells, whereas dot size
reflects the percentage of each cell cluster expressing the gene.
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To assess the changes that occur to the cellular communica-
tion network during obesity, we similarly performed CellPhoneDB
ligand-receptor analysis on all obese WAT cells. Analysis of the
cell-cell interactions indicated an increased number of overall
ligand-receptor pairings in obese compared to lean cells, espe-
cially ligand-receptor interactions involving recruited circulating
myeloid and macrophage subsets (Fig. 7a). Connectome web analy-
sis revealed an enrichment of PVM, IM, cDC2B and LAM com-
munication hubs within the obese WAT (Fig. 7b,c). Analysis of the
obese interactome suggested that IMs and LAMs probably contrib-
ute to adipose tissue inflammation during obesity via TNF-, IL-1f-,
IL-18-, CXCL8-, PDGFf- and TNFSF13B-mediated regulation of
stromal cells, DCs and circulating myeloid subsets. Interestingly,
our analysis suggested that PVM populations in obesity act as major
producers of the chemokines (CCL3, CCL3L1, CCL4 and CCL2)
involved in the recruitment of myeloid cells. Previous studies have
demonstrated that CCL2-CCR2-mediated recruitment of mono-
cytes contributes to adipose tissue inflammation and systemic
insulin resistance in mouse models of obesity®, suggesting that
PVMs may indirectly contribute to inflammation in humans in a
similar manner. cDC2Bs expressed MIF, IL-18, IL-1f and TNFSF9,
interacting with ILCs, NK cells and myeloid cells, suggesting that
DC populations may exacerbate adipose tissue inflaimmation and
tissue fibrosis in a similar manner to proinflammatory macro-
phages. trNK cells paired with WAT DC populations via LIGHT
(TNFSF14-TNFRSF14) interactions®. As LIGHT signaling has
also been shown to enhance adipose tissue macrophage-mediated
inflammation®, these results may suggest a role for trNK cells
in human obesity-associated inflammation. Similarly, obese
ILC3s appear to be mediators of adipose tissue inflammation via
TNFSF13B and MIFE acting on macrophage, DC and monocyte
subsets. Together, these data suggest significant inflammatory shifts
within the WAT interactome during obesity, and implicate new cell
types in the potentiation of human WAT inflammation during obe-
sity (Extended Data Fig. 9a).

IPA uncovers a distinct obese-enriched WAT signalome. To
understand whether predicted interacting cell types influence tran-
scriptional changes during obesity, we performed IPA on the DEGs
between all lean and obese WAT cell populations (Supplementary
Tables 15 and 16). Our analysis uncovered approximately 110 genes
implicated as putative shared upstream regulators in >3 cell types.
Analysis of highly expressed upstream regulators suggested that
many of the inflammatory signals identified using CellPhoneDB
served as transcriptional regulators of gene expression during obe-
sity (Fig. 8a). A number of common upstream regulators identified
by our analysis (TNE IL-1f, IL-18, IL-6, insulin-like growth fac-
tor (IGF) 1, IFN-y, CXCL8 and OSM) were also found to be previ-
ously associated with human systemic insulin resistance (Fig. 8a and
Supplementary Data Table 17). Furthermore, our analysis suggested
that many previously uncharacterized WAT-resident immune cells
including IMs, ¢cDC2As, cDC2Bs, ILC3s and trNK cells highly
expressed the upstream ligands of many of these key pathways in
obesity. Our analysis also found several secreted upstream regula-
tors that have not yet been associated with human insulin resis-
tance, but have been suggested to play a role in the development
of metabolic dysfunction in mice (CSF2, leukemia inhibitory fac-
tor (LIF), bone morphogenetic protein (BMP)4, endothelin 1,
CXCL12 and TNFSF13B) (Supplementary Data Table 17). Analysis
of nonsecreted upstream regulators suggested that several tran-
scription factors (HIF1-a, cAMP response element-binding protein
(CREB), MYC, CCAAT/enhancer-binding protein beta (CEBPB),
forkhead box protein O1 (FOXO1) and STAT4), implicated in
obesity-associated inflammation and metabolic dysfunction in mice
(Supplementary Data Table 17), may also be important in regulat-
ing adipose tissue inflammation in human cells (Fig. 8b). Together,
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gene set enrichment analysis of the common upstream regulators
suggested a number of significant pathways that were transcrip-
tionally regulated in obese WAT cells (Fig. 8c and Supplementary
Table 18). Implicated signaling mechanisms involved several JAK-
STAT signaling pathways, including IL-1, IL-6, IL-12, IL-17, IFN-y
signaling, TNF signaling and hypoxia. Furthermore, many of these
pathways were induced in new human WAT cell types, as shown by
gene set enrichment analysis of obese trNK cells, ILC3s, cDC2Bs
and IMs (Extended Data Fig. 9b-e). Combined, these data sug-
gest that a complex mixture of inflammatory pathways produced
by macrophages, DCs, ILCs, NK cells and structural cells regu-
lates inflammatory signaling pathways in the human WAT during
obesity (Extended Data Fig. 10).

Discussion

We performed scRNA-seq on a total of 110,250 cells from multiple
sorted atlases including CD45~ cells, CD45" cells, macrophages,
DCs, NK cells and ILCs. This led to the validation of 13 out of 13
previously identified populations, as well as the identification of an
additional 15 distinct cell clusters, including previously uncharac-
terized populations of WAT ILCs, DCs, NK cells and proinflam-
matory macrophages. Using flow cytometry, we then validated
the presence of each of these populations within the human lean
and obese WAT using an independent cohort of patients. Finally,
we utilized single-cell ligand-receptor analysis to profile both the
lean and the obese human WAT interactomes, in addition to a cell
type-specific, obesity-enriched signalome.

Our study identifies a number of unique ILC populations (iNK
cells, trNK cells, ILC1s, ILC3s, ILCP-like cells) that have not been
described in human WAT previously. We find that the healthy
human WAT contains a distinct population of trNK cells that can
be differentiated from both WAT mNK and iNK cell populations
and shares a similar phenotype with trNK cells described in human
liver transplantation studies. Our data suggest that trNK cells as
well as ILCl1s express IFN-y, which is implicated in the regulation
of obesity-associated transcriptional changes of many cell types,
notably as a critical regulator of IM differentiation. Accordingly,
previous studies in diet-induced obese mice have suggested that
WAT-resident ILC1 and NK populations produce IFN-y early during
the administration of a high-fat diet*, and that IFN-y is important
for the regulation of adipose tissue inflammation®’. As such, trNK
cells and ILC1s may play a similar role in the potentiation of human
WAT inflammation during obesity, although future studies will be
needed to support this conclusion. Our data also suggest that trNK
cells are involved in the recruitment of cDCls via XCL1/2-XCR1
signaling during obesity, similar to mechanisms recently observed
within the tumor microenvironment®. The full extent of ILC-DC
communication in the WAT, and the implications of these interac-
tions, merit attention through future mechanistic studies in mice.

We also identified a subset of human WAT ICL3s that accumu-
late during obesity. In the lean state, our data suggest that ILC3s
may play a homeostatic role, similar to ILC2s. However, in the
obese state, our data suggest that ILC3s are mediators of adipose
tissue inflammation via expression of LIF, TNFSF13B and MIE
Furthermore, although we were unable to determine the source of
IL-17 signaling as suggested by gene set enrichment analysis, our
data suggest that adipose ILC3s may contribute to the proinflamma-
tory effects of this cytokine during obesity. As such, our data suggest
that resident ILC3s probably play important roles in human WAT
biology that were not recognized previously. However, ILC3s are
not present in lean or obese mouse WAT?, highlighting key differ-
ences between mouse and human WAT ILC composition, and sug-
gesting that certain aspects of ILC-mediated inflammation during
obesity may not be evolutionarily conserved in mammals.

Our scRNA-seq dataset also identified three unique subpopulations
of WAT DCs that accumulate in obese patients. Although the specific
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Fig. 8 | Analysis of putative upstream regulators uncovers a distinct obese human WAT-enriched signalome. a,b, IPA of obese immune and nonimmune
populations showing common putative upstream regulators. Terms were considered common if implicated in three or more cell types from a lineage.
Terms were considered statistically significant if the activation z-score > 2. a, Dot plots showing expression of common secreted upstream regulators from
obese cells (left) and the putative regulated cell types (right) as suggested by IPA. Left, color saturation indicates the strength of expression in positive
cells, whereas dot size reflects the percentage of each cell cluster expressing the gene. Right, the color indicates the implicated cell type, whereas dot size
reflects the number of genes downstream of the suggested secreted upstream regulator. Only ligands from cell types with detected expression (>25%) are
shown. Red-highlighted upstream regulators denote those that have been associated with human insulin resistance (see Supplementary Data Table 17). b,
Dot plot showing common non-secreted signaling upstream regulators. The color indicates the implicated cell type, whereas dot size reflects the number
of genes downstream of the suggested signaling upstream regulator. ¢, GOSt analysis of differentially regulated signaling pathways in obesity. Terms were

considered statistically significantly enriched if —log,,(P,) <0.05.

roles of cDC1, cDC2A and cDC2B subsets in mammalian obesity are
unknown, studies in mice have implicated WNT signaling and DCs
in driving tolerogenic programs in lean WAT*. Whether this process
becomes dysregulated during obesity is unclear. Analysis of the lean
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interactome suggests that cDC2As serve an immunoregulatory role,
similar to DC populations found in tumors™. During obesity, how-
ever, our data suggest that cDC2Bs may contribute to tissue inflamma-
tion via expression of MIF, IL-18, IL-1p and TNFSF9. As such, future
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studies are necessary to elucidate the roles of these different DCs
within the adipose tissue. Similarly, previous studies in diet-induced
obese mice have suggested both protective and proinflammatory roles
of CD9* LAMs through TREM2 function or cytokine production,
respectively®”. Our results suggest that human WAT LAMs, alongside
IMs, actively produce IL-1p and TNF in obese patients. Both popula-
tions may also contribute to adipose tissue inflammation via expres-
sion of IL-18, CXCL8 and PDGFp. Furthermore, although analysis of
endogenous cytokine production suggests that PVMs are not actively
producing IL-1P or TNF in obese patients, ligand-receptor analysis
suggests that these macrophages may contribute to adipose tissue
inflammation via increased chemokine production and recruitment
of monocytes into the WAT. These data suggest that there are probably
more complex mechanisms underlying the contribution of WAT DCs
and macrophages to adipose tissue inflammation and insulin resis-
tance than previously understood.

In summary, our study provides a comprehensive atlas of
immune and structural cell populations within the healthy human
WAT, offering insight into cell type-specific transcriptional changes
and communication networks that underpin obesity-associated
WAT inflammation. Our dataset not only increases our under-
standing of the interactions that occur between cell types in human
WAT, but also identifies potential therapeutic targets that may aid in
reducing systemic low-grade inflammation in obese patients.
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Methods

Human samples. Human deep subcutaneous WAT samples were obtained from
donors undergoing cosmetic abdominoplasty procedures via Barrett Plastic
Surgery, Los Angeles. Donor characteristics are summarized in Supplementary
Tables 1, 3 and 4. Human samples were defined as healthy status based on no
previous history of cardiovascular disease, liver disease, diabetes or immunological
disorders, and divided into three categories based on BMI: lean, BMI < 25;
overweight, 25 < BMI < 30; obese, BMI > 30. The human samples used in the
present study do not qualify as human subjects’ research, confirmed by the UCLA
institutional review board. As such, obtaining informed consent was not necessary.
Human samples were de-identified and were not obtained for the specific purpose
of these studies.

Adipose tissue harvest and cell dissociation. Patient deep subcutaneous adipose
tissue was freshly harvested from abdominoplasty samples within an hour of their
respective operations. Adipose tissue samples were kept on ice until processing.
Adipose tissues were first washed three times with 1x phosphate-buffered saline
before physical homogenization in adipose harvest medium ((AHM) 1x Hank’s
balanced salt solution + CaCl, + MgCl,, 5% heat-inactivated fetal bovine serum,
1% L-glutamine, 1% penicillin-streptomycin and 50 pgml~ of DNAsel) using a
blender (900 W, Ninja BL450 Series). Homogenized tissue was then distributed into
14-ml round-bottomed tubes and supplemented with collagenase type II digestion
medium (AHM + 2 mgml~! of collagenase type II (Worthington Biochem)) before
shaking incubation at 37 °C for 1h. Post-incubation, digested samples were filtered
using 100-pm cell strainers (Corning) and then centrifuged to isolate the SVF
pellets. After aspiration of the supernatants, the pellets were lysed using ACK lysis
buffer, pooled into one tube, and then filtered again through 100-pm nitex mesh.
The combined SVF pellet was then split and either resuspended in a mixture of
9:1 fetal bovine serum:dimethylsulfoxide solution and frozen at —80°C or stained
using fluorescently labeled antibodies, and then analyzed via flow cytometry.

FACS. Selected samples for scRNA-seq analysis were thawed and then pooled
based on the BMI to ensure high cell count recovery for each subpopulation and
BMI classification (lean, n=10; obese, n=8). Samples were then sorted on the

BD FACSArialll before submission for 10X Library preparation. Cells were sorted
from lean and obese WAT samples as follows: nonimmune cells (CD457), immune
cells (CD45%), macrophages (CD45*Lin (CD3*TCRafp*CD19*CD34*CD5*CD7+)
CD11b*CD14%), cDCs (CD45*Lin (CD3*TCRaf*CD19*CD34*CD7+)CD11b-
CD14™HLA-DR*CD11c*), NK cells (CD45*Lin"(CD3*TCRap+*CD19*CD34+*CD1
4*CD5*TCRy8*)CD7+*CD200R1") and ILCs (CD45*Lin"(CD3*TCRafp*CD19+*CD3
4*CD14*CD5*TCRy6*)CD7+*CD200R1").

Library preparation, sequencing and alignment. SCRNA-seq libraries were
generated with the Chromium Single Cell 3’ v.3 assay (10X Genomics). Libraries
were sequenced using the NovaSeq 6000 S2 platform (Illumina) to a depth of
approximately 300 million reads per library with 2 X 50 read length. Raw reads
were aligned to the human genome (hg38) and cells were called using cellranger
count (v.3.0.2). Individual samples were aggregated to generate the merged digital
expression matrix using cellranger aggr (v.3.0.2).

Cell clustering and cell-type annotation. The R package Seurat™ (v.3.1.2) was
used to cluster the cells in the merged matrix. Cells with <500 transcripts detected
or >25% mitochondrial gene expression were first filtered out as low-quality

cells. The gene counts for each cell were divided by the total gene counts for the
cell and multiplied by a scale factor of 10,000, then natural-log transformation
was applied to the counts. The FindVariableFeatures function was used to select
variable genes with default parameters. The ScaleData function was used to scale
and center the counts in the dataset. Principal component analysis was performed
on the variable genes, and 20 principal components were used for cell clustering
(resolution =0.5) and UMAP dimensional reduction. The cluster markers were
found using the FindAllMarkers function, and cell types were manually annotated
based on the cluster markers'*-'**>**-**. Module scores were calculated using the
AddModuleScore function with default parameters and used to validate certain
cell-type annotations'*-'>*"**, To calculate the sample composition based on cell
type, the number of cells for each cell type from each sample were counted. The
counts were then divided by the total number of cells for each sample and scaled to
100% for each cell type™™.

Cell-type subclustering. Subclustering was performed on all cell types. The
same functions described above were used to obtain the subclusters. Subclusters
that were defined exclusively by mitochondrial gene expression, indicating low
quality, were removed from further analysis. To calculate the composition of
lean and obese cells for the subclusters, the numbers of lean and obese cells

for each subcluster were counted. The number of lean (or obese) cells in each
cluster was then divided by the total number of lean (or obese) cells to calculate
the percentages of each cell state. Subclusters were filtered based on >10%
frequency for each cell lineage and assigned as a lean- or obese-enriched state if
the subcluster contained >5% representation of lean compared with obese cells,
and vice versa. Cell states with equal representation of lean and obese cells were

excluded from lean- and obese-specific cell-state analysis. For each cell type,
differential expression analysis was carried out on the lean cells from the lean

state and obese cells from the obese state. Then IPA was applied to the DEGs to
determine the potential upstream regulators driving the differential expression.
The upstream regulators that were activated in obese (activation z-score >2) in at
least three cell types were plotted. The normalized expression matrix for ILC and
myeloid subtypes was extracted and uploaded to the CytoTRACE webtool (https://
cytotrace.stanford.edu/), and the output CytoTRACE score for each cell was then
plotted on the UMAP.

Pseudotime trajectory construction. Pseudotime trajectories for ILCs and
myeloid cells were constructed using the R package Monocle* (v.2.10.1). The raw
counts for cells in the intended cell types were extracted and normalized by the
estimateSizeFactors and estimateDispersions functions with the default parameters.
Genes with average expression >0.5 and detected in >10 cells were retained for
further analysis. Variable genes were determined by the differentialGeneTest
function with a model against the cell-type identities. The top 2,000 variable

genes with the lowest adjusted P value were used to order the cells. The orders
were determined by the orderCells function and the trajectory was constructed by
the reduceDimension function with default parameters. Differential expression
between pseudotime states was carried out using the Seurat function FindMarkers.
The DEGs with the lowest adjusted P value were used to plot the heatmap

showing the bifurcation expression patterns. The heatmap was generated using
function plot_genes_branched_heatmap. IPA was used to determine the upstream
regulators for the DEGs.

RNA-velocity analysis. To estimate the RNA velocities of single cells, velocyto™
was used to distinguish unspliced and spliced messenger RNAs in each sample.
The python package scVelo® was then used to recover the directed dynamic
information by leveraging RNA-splicing information. Specifically, the data

were first normalized using the filter_and_normalize function. The first- and
second-order moments were computed for velocity estimation using the moments
function. The velocity vectors were obtained using the velocity function. The
velocities were projected into a lower-dimensional embedding using the velocity_
graph function. Finally, the velocities were visualized in the UMAP embedding
using the velocity_embedding_stream function. All scVelo functions were used
with default parameters.

Cell-cell ligand-receptor interaction analysis. CellphoneDB (v.2.0.0) was
applied for ligand-receptor analysis. The raw counts and cell type annotation
for each cell were imputed into CellphoneDB to determine the potential
ligand-receptor pairs. Pairs with P> 0.05 were filtered out from further analysis.
Four runs were performed on four groups of cells: all lean cells, lean cells in
lean-enriched states, all obese cells and obese cells in obese-enriched states.

The results on all lean cells were plotted as the base level interaction among

the cell types. The number of interactions between each pair of cell types were
plotted using the results with all lean cells and all obese cells. To determine the
differential interactions between lean- and obese-specific states, DEGs were
determined between the lean and obese cells for each cell type and an adjusted P
value at 0.05 was applied to filter the DEGs. A ligand-receptor pair with higher
average expression in lean (or obese) or the ligand being significantly highly
expressed in lean (or obese) was considered to be a lean (or obese)-specific pair.
Selected obese-specific pairs were plotted.

Analysis with g:GOSt. Cluster markers from obese-enriched states were input
into the functional enrichment analysis query and then analyzed using g:GOSt
functional profiling™.

Flow cytometry. Cells were analyzed for cell-surface markers using
fluorophore-conjugated antibodies (BioLegend, eBioscience, R&D Systems,
Miltenyi Biotec). Cell surface staining was performed in 1X phosphate-buffered
saline and intracellular staining was performed using the eBioscience Foxp3/
transcription factor or BD Cytofix/Cytoperm kits. Flow cytometry was performed
using the Attune NxT Acoustic Focusing cytometer and data were analyzed using
the Attune NxT Software v.3.1.2, with quantification performed using FlowJo
v.9.9.6 (BD). Cell surface and intracellular staining were performed using the
following fluorophore-conjugated antibodies: CD3 (UCHT1), TCRap (IP26),
CD26 (2A6), CD56 (TULY56), CD1c (L161), CD19 (SJ25-C1), CD34 (581), CD14
(TuK4), CD7 (124-1D1), CD45 (HI30), T-bet (4B10), CD5 (UCHT2), TCRyS
(B1), perforin (B-D48), CD200R1 (OX-108), EOMES (WD1928), CD11c (BU15),
HLA-DR (L243), CD206 (15-2), IL-13 (JES10-5A2), CD9 (HI9a), IFN-§ (B27),
CD88 (S5/1), IL-1R1 (FAB269A), CD16 (CB16), FCER1A (AER-37 (CRA-1)),
CD294 (BM16), CD62L (DREG-56), CD89 (A59), CD301 (H037G3), CD196
(GO34E3), IL-17A (BL168), TNF-a (Mab11), IL-1p (CRM56), CD336 (2.29),
CD11b (M1/70), TCR Va7.2 (3C10), CD8x (RPA-T8), CD161 (HP-3G10),
FOXP3 (206D), CD15 (HI98), CD4 (RPA-T4), CD68 (Y1/82A), CD64 (10.1),
TCR Va24-Ja18 (6B11), RORC (AFKJS-9), CD31 (WM59), CD29 (TS2/16) and
ICAM-1 (HA58). All antibodies used in this study were validated with human
PBMCs before use on human WAT SVF samples.
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Human macrophage endogenous cytokine production. Human adipose SVF
cells were cultured for 5h in CR-10 medium containing Brefeldin A (1:1,000;
BioLegend) and monensin (2 pM; BioLegend) and then analyzed for intracellular
cytokine production via flow cytometry. Cells were cultured in medium alone as a
negative control.

Ex vivo stimulation of human ILCs. Human adipose SVF cells were cultured for
5h in CR-10 medium containing Brefeldin A (1:1,000; BioLegend) and monensin
(2 pM; BioLegend) with or without phorbol 12-myristate 13-acetate (Sigma) and
ionomycin (Sigma). For quantification of IL-17A staining, SVF cells were cultured
overnight in CR-10 and then subsequently stimulated in the presence of phorbol
12-myristate 13-acetate, ionomycin, Brefeldin A and monensin for 5h.

Quantification, statistical analysis and reproducibility. For graphs, data are
shown as mean +s.e.m. and, unless otherwise indicated, statistical differences were
evaluated using a Student’s t-test with Welch’s correction to assume a non-normal
variance in our data distribution. For cell-type density analysis, linear regression
was performed alongside two-tailed Pearson’s correlation analysis with 95%
confidence intervals (CIs). P<0.05 was considered significant. The scRNA-seq

of sorted CD45* and CD45~ cells was performed initially. This was followed

by scRNA-seq of sorted macrophage, DC, ILC and NK cell populations. Flow
cytometric analysis of each patient was performed independently. Graphs were
produced and statistical analyses were performed using GraphPad Prism.

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

Data availability
The scRNA-seq datasets are accessible from the Gene Expression Omnibus with
accession nos. GSE155960 and GSE156110.
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Extended Data Fig. 1| See next page for caption.
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Extended Data Fig. 1| Lineage-associated gene signatures of CD45+ and CD45- SVF cells from healthy human WAT. a, Dot plot showing selected top
differentially expressed marker genes for each cluster, supporting assignment of clusters to compartments shown in Fig. 1b. Color saturation indicates the
strength of expression in positive cells, while dot size reflects the percentage of each cell cluster expressing the gene. b, Violin plots showing expression
levels of additional cluster markers for the indicated structural cell populations. ¢, Representative gating strategy for scRNAseq-defined human WAT
non-immune cell populations (CD45-): Endothelial cell: CD31*, Smooth muscle cell (SMC): CD31-CD34-CD29-, Adipocyte precursor cell (APC): CD31
CD34-CD29*, Preadipocyte: CD31"-CD34+*CD29"ICAM-1*CD26", Interstitial progenitor cell: CD31"-CD34+*CD29"ICAM-1*CD26+*. d, Density correlation
analysis of the indicated non-immune subsets with patient BMI. Line of best fit and 95% confidence intervals are shown for each plot. Each point
represents an individual patient. Linear regression and two-tailed Pearson Correlation analysis with 95% confidence intervals were conducted. p < 0.05
was considered significant.
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Extended Data Fig. 2 | Single cell analysis reveals heterogeneous adaptive lymphocyte populations in healthy human WAT. a, UMAP plot of 36,601
subclustered human adipose effector lymphocytes from Fig. 1. Cluster analysis yields 9 distinct clusters comprising of T cell subsets, ILCs and NK cells.
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cytometry plot of CD8a and CD4 expression on human WAT y8 T cells. e,f, Data is representative of 4 individual patient samples. g, Density correlation
analysis of the indicated T cell subsets with patient BMI. Line of best fit and 95% confidence intervals are shown for each plot. Each point represents an
individual patient. Linear regression and two-tailed Pearson Correlation analysis with 95% confidence intervals were conducted. p < 0.05 was considered
significant.
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Extended Data Fig. 6 | Single cell analysis identifies unique myeloid populations within healthy human WAT. a, Representative sorting strategies

for CD11b*CD14+ macrophage and HLA-DR*CD11c* dendritic cell populations indicated in Fig. 4. b, Heatmap shows the top 4 differentially expressed
cluster marker genes for each indicated myeloid cell cluster. Cluster identities are shown above the heatmap. Color saturation indicates the strength of
expression. ¢,d, Violin plots showing RNA expression levels of cluster markers for (¢) myeloid (d) and monocyte populations. e, Classical, Intermediate,
and Nonclassical Monocyte gene module score analysis for the indicated monocyte populations based on comparison of signature genes for each cell
type from previously defined datasets to DEGs within each cluster. f, Neutrophil gene module score analysis for the indicated myeloid populations based
on comparison of signature genes for each cell type from previously defined datasets to DEGs within each cluster. g, Bar plots showing the proportion of
myeloid cells derived from 7 lean (blue) and 5 obese (red) patients.
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Extended Data Fig. 7 | Flow cytometry analysis of scRNAseg-identified human WAT macrophage and dendritic cell populations. a, Representative
gating strategy for scRNAseqg-defined human WAT macrophage and DC populations identified in Fig. 4. b, Representative histograms of CD64, CD68,
CD88, and CD15 expression on human WAT macrophage cell subsets, CD14* monocytes and CD15* neutrophils isolated from human PBMC. ¢, Flow
cytometry analysis of endogenous TNF-a production by human WAT macrophage subsets from n=4 lean, n=2 overweight, and n=4 obese patients.
Each point represents an individual patient. d, Representative flow cytometry histograms of CLEC10A and FCER1A expression on human WAT DC
subsets. e, Density of the indicated DC populations by BMI classification, n=9 lean and n=7 obese patients. Each point represents an individual patient
(f) Representative flow cytometry plots of human WAT macrophage populations from lean (left) and obese (right) patients. g, Density of the indicated
macrophage populations by BMI classification, n=7 lean and n=7 obese patients. Each point represents an individual patient. b,d, Data is representative
of 3 individual patient samples. Samples were compared using two-tailed Student’s t test with Welch's correction, assuming unequal SD, and data are
presented as individual points with the mean + SEM (*p < 0.05, **p < 0.01).
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Extended Data Fig. 9 | Novel human WAT cell types contribute to obesity-associated inflammatory networks. a, Dot plots showing expression of ligands
(left) and receptors (right) in novel human WAT cells; only ligands and receptors from cell types with detected expression (>25%) are shown. Implicated
chemokines can be found in the lower panel. Color saturation indicates the strength of expression in positive cells, while dot size reflects the percentage of
each cell cluster expressing the gene. b-e, GOSt analysis of obese-enriched differentially expressed genes for the indicated novel human WAT cell types.
b, GOSt analysis of trNK. ¢, GOSt analysis of ILC3. d, GOSt analysis of IM. e, GOSt analysis of cDC2B. Terms were considered statistically significantly
enriched if -log;,(P,4)<0.05.
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Extended Data Fig. 10 | Proposed model of cell-cell interactions in healthy lean and obese human WAT. In lean WAT, IL-15 expression from cDC2A
coupled with IL-15RA expression from APCs may support the viability of [L-15RB-expressing ILCs and NK cell populations. CSF1 (M-CSF) expression from
APCs and IL-13 from ILC2s likely drives the Mo-1 transition to PVMs, while CSF2 from APCs may support dendritic cell homeostasis. cDC2A-derived
CD200 could suppress ILC activation at steady-state. TGFp1, PDGF, AREG, and GAS6 signaling from dendritic cells and PVM to APCs may promote
tissue homeostasis. During obesity, IL-23 from an unknown source could drive the differentiation and accumulation of WAT ILC3s from ILCP-like cells.
cDC2B-derived IL-18 and potentially IL-12 might stimulate the production of IFNy by trNK and ILC1 subsets and contribute to the development of LAM
from PVM. Increased CCL2 production from hypoxia-sensing PYM and SMC could recruit circulating Mo-1into the WAT where MIF, LIF, and IFN-y
signaling from ILCs and NKs, as well as IL-1p, OSM and TNF-a signaling from IM, LAM, and cDC2B could polarize Mo-1 to the IM fate. trNK production
of TNFSF14 (LIGHT) may further promote activation of cDC2B and IM. Together, these interactions suggest a cell type specific positive feedback loop
whereby accumulation and polarization of WAT-resident lymphoid and myeloid cell types potentiate inflammation during human obesity.
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Software and code

Policy information about availability of computer code

Data collection  Flow Cytometry: Attune NxT Software v3.1.2

Data analysis Sequencing Analysis:
Raw reads were aligned to human genome (hg38) and cells were called using cellranger count (v3.0.2). Individual samples were aggregated to
generate the merged digital expression matrix using cellranger aggr (v3.0.2). The R package Seurat (v3.1.2) (Butler A. et al. Integrating single-
cell transcriptomic data across different conditions, technologies, and species. Nat Biotechnol. 36(5):411-420, 2018) was used to cluster the
cells in the merged matrix.
CellphoneDB (v2.0.0) (Efremova M. et al. CellPhoneDB: inferring cell-cell communication from combined expression of multi-subunit ligand-
receptor complexes. Nat Protoc. 15(4):1484-1506, 2020) was applied for ligand receptor analysis.
Pseudo-time trajectories were constructed using the R package Monocle (v2.10.1) (Trapnell C, Cacchiarelli D, Grimsby J, et al. The dynamics
and regulators of cell fate decisions are revealed by pseudotemporal ordering of single cells. Nat Biotechnol. 32(4):381-386, 2014).
velocyto (La Manno G. et al. RNA velocity of single cells. Nature. 560(7719):494-498, 2018) was used to distinguish unspliced and spliced
mRNAs in each sample. The python package scVelo (Bergen V. et al. Generalizing RNA velocity to transient cell states through dynamical
modeling [published online ahead of print, 2020 Aug 3]. Nat Biotechnol. 10.1038/s41587-020-0591-3, 2020) was then used to recover the
directed dynamic information by leveraging the splicing information. Ingenuity pathway analysis was applied to the DEGs to determine the
potential upstream regulators driving the differential expression. The upstream regulators that were activated in obese (activation z score >=
2) in at least three cell types were plotted. The normalized expression matrix for ILC and myeloid subtypes were extracted and uploaded to
the CytoTRACE webtool (https://cytotrace.stanford.edu/), and the output CytoTRACE score for each cell was then plotted on the UMAP.

g;GOSt Analysis:

DEGs from obese-enriched states were input into the functional enrichment analysis query and then analyzed using g:GOSt functional
profiling (Raudvere, U. et al. g:Profiler: a web server for functional enrichment analysis and conversions of gene lists (2019 update). Nucleic
Acids Research 47, W191-W198, 2019).




Flow Cytometry and Patient Data Analysis:
Flow cytometry quantification was performed using FlowJo v9.9.6 (https://www.flowjo.com/solutions/flowjo)
Statistical analysis was performed using GraphPad Prism v7.0c (https://www.graphpad.com/scientific-software/prism)

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Research guidelines for submitting code & software for further information.
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All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:
- Accession codes, unique identifiers, or web links for publicly available datasets

- A list of figures that have associated raw data
- A description of any restrictions on data availability

The single cell RNA sequencing datasets are accessible from GEO with accession number GSE155960 and GSE156110
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Life sciences study design
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Sample size No statistical methods were used to predetermine the sample size. As many patients as possible were included for each group, with a
minimum of 3 patients for group in order to determine statistical significance where applicable.

Data exclusions  Patient samples were only included in our study if they were defined as "healthy," based on no prior history of cardiovascular disease, liver
disease, diabetes or immunological disorders.

Replication The results obtained from our scRNA-seq dataset were validated using both of the methods listed below:
1) Single-cell RNA sequencing validation using independent FACS sorted SVF samples derived from an additional patient cohort. scRNAseq of
sorted CD45+ and CD45- cells was performed initially. This was followed by scRNAseq of sorted Macrophage, DC, ILC, and NK cell populations.
2) Cellular phenotyping using flow cytometry of additional tissue samples (SVF) from an additional patient cohort. Analysis of each patient was
performed independently.

Randomization  Human deep subcutaneous white adipose tissue samples were obtained from donors undergoing cosmetic abdominoplasty procedures and
were collected consecutively and then allocated into three groups based on body mass index (BMI): lean: BMI < 25; overweight: 25 < BMI <

30; obese: BMI > 30.

Blinding BMI classification was blinded during sample processing, data collection, and generation (flow cytometry), as well as initial analysis of the
scRNA-seq data, which included filtration and clustering.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.
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Antibodies

Antibodies used Flow Cytometry Antibodies used:
CD3 FITC eBioscience UCHT1 1:400 Cat#11-0038-42
TCRab FITC eBioscience IP26 1:800 Cat#11-9986-42
CD26 PE eBioscience 2A6 1:200 Cat#12-0269-42
CD56 APC eBioscience TULY56 1:40 Cat#17-0566-41
CD1c PE/Cyanine7 eBioscience L161 1:600 Cat#25-0015-42
CD19 FITC eBioscience SJ25-C1 1:100 Cat#MHCD1901
CD34 FITC eBioscience 581 1:200 Cat#CD34-581-01
CD14 FITC eBioscience TukK4 1:40 Cat#MHCD1401
CD7 Alexa Fluor 700 eBioscience 124-1D1 1:100 Cat#56-0079-42
CD45 PerCP-Cyanine5.5 eBioscience HI30 1:100 Cat#45-0459-42
T-Bet PE BioLegend 4B10 1:200 Cat#644810
CD5 FITC eBioscience UCHT2 1:40 Cat#11-0059-42
CD7 FITC eBioscience 124-1D1 1:100 Cat#11-0079-42
TCRgd FITC eBioscience B1.1 1:100 Cat#11-9959-42
CD14 APC eBioscience TuK4 1:40 Cat#MHCD1405
Perforin Pacific Blue BioLegend B-D48 1:400 Cat#353305
CD200R PE/Cyanine7 BioLegend OX-108 1:100 Cat#329312
EOMES eFluor 660 eBioscience WD1928 1:50 Cat#50-4877-42
CD11c APC-eFluor 780 eBioscience BU15 1:40 Cat#47-0128-42
HLA-DR Brilliant Violet 510 BioLegend L243 1:50 Cat#307646
CD206 Brilliant Violet 421 BioLegend 15-2 1:40 Cat#321126
IL-13 Brilliant Violet 421 BioLegend JES10-5A2 1:100 Cat#501915
CD9 PE BioLegend HI9a 1:500 Cat#312105
IFN-g APC/Cyanine7 BioLegend B27 1:100 Cat#506523
CD88 PE BioLegend S5/1 1:400 Cat#344303
IL1-R1 APC R&D Systems FAB269A 1:100 Cat#FAB269A-025
IL-2 Pacific Blue BioLegend MQ1-17H12 1:100 Cat#500324
EOMES FITC eBioscience WD1928 1:50 Cat#11-4877-42
CD16 FITC eBioscience CB16 1:400 Cat#11-0168-41
CD88 FITC BioLegend S5/1 1:400 Cat#344305
FCER1A PE BioLegend AER-37 (CRA-1) 1:40 Cat#334609
CD294 Pacific Blue BioLegend BM16 1:40 Cat#350130
CD62L PerCP-Cyanine5.5 BioLegend DREG-56 1:40 Cat#304824
CD45 Brilliant Violet 510 BioLegend HI30 1:100 Cat#304036
CD89 FITC BioLegend A59 1:400 Cat#354113
CD26 PerCP-Cyanine5.5 BiolLegend BAS5b 1:100 Cat#302715
CD301 PE BioLegend H037G3 1:40 Cat#354703
CD196 APC/Cyanine7 BioLegend GO34E3 1:100 Cat#353431
CD16 APC-eFluor 780 eBioscience CB16 1:400 Cat#47-0168-42
IL-17A Pacific Blue BioLegend BL168 1:100 Cat#512311
TNF-a PE/Cyanine7 BioLegend Mab11 1:100 Cat#502929
IL-1b PE eBioscience CRM56 1:100 Cat#12-7018-41
CD1c FITC eBioscience L161 1:600 Cat#11-0015-42
CD294 PerCP-Cyanine5.5 BioLegend BM16 1:40 Cat#350115
CD62L APC/Cyanine7 BioLegend DREG-56 1:40 Cat#304813
CD336 APC Miltenyi Biotec 2.29 1:40 Cat#130-120-623
CD11b Alexa Fluor 700 BioLegend M1/70 1:200 Cat#101222
TCR Va7.2 PerCP-Cyanine5.5 BiolLegend 3C10 1:50 Cat#351709
CD8a Pacific Blue BioLegend RPA-T8 1:100 Cat#301026
CD161 APC BioLegend HP-3G10 1:50 Cat#339911
FOXP3 PE BioLegend 206D 1:50 Cat#320107
CD15 PE/Cyanine? BioLegend HI98 1:100 Cat#301923
TCRab Alexa Fluor 700 BioLegend IP26 1:100 Cat#306729
CD4 APC/Cyanine? BioLegend RPA-T4 1:100 Cat#300517
TCRgd PE/Cyanine7 BioLegend B1 1:50 Cat#331221
CD68 PE BioLegend Y1/82A 1:40 Cat#333807
CD64 PE/Cyanine7 BioLegend 10.1 1:100 Cat#305021
TCR Va24-Jal8 APC BioLegend 6B11 1:50 Cat#342907
RORC APC eBioscience AFKIS-9 1:40 Cat#17-6988-80
CD31 APC/Cyanine7 BioLegend WM59 1:100 Cat#303119
CD29 PerCP-Cyanine5.5 BioLegend TS2/16 1:100 Cat#303023
ICAM-1 Alexa Fluor 700 BioLegend HAS8 1:100 Cat#353125
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Validation All antibodies used in this study were validated in our own hands on human PBMCs prior to use on human WAT SVF samples.

Human research participants

Policy information about studies involving human research participants

Population characteristics Human deep subcutaneous white adipose tissue samples were obtained from donors undergoing cosmetic abdominoplasty




Population characteristics

Recruitment

Ethics oversight

procedures via Barret Plastic Surgery, Los Angeles. Donor characteristics are summarized in Supplemental Tables 1,3, and 4.
Human samples were defined healthy status based on no prior history of cardiovascular disease, liver disease, diabetes or
immunological disorders and divided into three categories based on body mass index (BMI): lean: BMI < 25; overweight: 25 <
BMI < 30; obese: BMI > 30.

The human samples used in this study do not qualify as “human subjects” research, confirmed by the UCLA IRB. As such,
obtaining informed consent was not necessary. Human samples were de-identified and were not obtained for the specific

purpose of these studies.

UCLA IRB

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

Flow Cytometry

Plots
Confirm that:

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

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

All plots are contour plots with outliers or pseudocolor plots.

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

Methodology

Sample preparation

Instrument
Software

Cell population abundance

Gating strategy

Cells were isolated from the human WAT as described in the methods section. After isolation of the SVF, cells were analyzed
for cell-surface markers using fluorophore-conjugated antibodies. Cell surface staining was performed in 1X PBS and
intracellular staining was performed using the eBioscience Foxp3/Transcription Factor or BD Cytofix/Cytoperm kits. Cells
were stained for 30 minutes and then analyzed by flow cytometry or sorted as described. Compensation was performed
using unstained cellular controls.

Attune NXT Acoustic Focusing Cytometer, BD FACS Aria lll
Attune NXT Software v3.1.2, with quantification performed using FlowJo v9.9.6

Non-immune cells (CD45-) and Immune cells (CD45+) comprised approximately 31.9% and 53.6% of the parent gate,
respectively (gated on FSC, SSC, and singlets).

Macrophages comprised approximately 25.5% of CD45+ cells in lean samples and 38.9% of CD45+ cells in obese samples.
Dendritic cells comprised approximately 0.92% of CD45+ cells in lean samples and 1.47% of CD45+ cells in obese samples.
ILCs comprised approximately 0.29% of CD45+ cells in lean samples and 0.31% of CD45+ cells in obese samples.

NK cells comprised approximately 3.40% of CD45+ cells in lean samples and 3.40% of CD45+ cells in obese samples.
Purity was greater than 95% for each population as assessed by flow cytometry.

Cells were gated first based on size using Forward and Side scatter, followed by identification of singlets using FSC-H and FSC-
A.

We then gated as follows for the sorted populations:

Non-immune cells (CD45-); Immune cells (CD45+, Macrophages (CD45+Lin-(CD3-TCRaB-CD19-CD34-CD5-CD7-)CD11b+CD14
+), conventional dendritic cells (CD45+Lin-(CD3-TCRaB-CD19-CD34-CD7-)CD11b-CD14intHLA-DR+CD11c+), NK cells (CD45
+Lin-(CD3-TCR"a" B-CD19-CD34-CD14-CD5-TCRyS-)CD7+CD200R-), and ILCs (CD45+Lin-(CD3-TCR"a" B-CD19-CD34-CD14-
CD5-TCRy6-)CD7+CD200R+).

We gated as follows for validation of these populations by flow cytometry:

WAT non-immune populations: (CD45-): Endothelial cell: CD31+, Smooth muscle cell (SMC): CD31-CD34-CD29-, Adipocyte
precursor cell (APC): CD31-CD34-CD29+, Preadipocyte: CD31-CD34+CD29intICAM-1+CD26-, Interstitial progenitor cell: CD31-
CD34+CD29intICAM-1+CD26+

WAT T cell populations (CD45+Lin-(CD34-CD19-CD14-): y& T cell: TCRy6+Va24-Ja18-, NKT cell: TCRyS-Va24-Jal8+, MAIT cell:
TCRy&-Va24-Jal18-Va7.2+TCRaf+, CD8+ T cell: TCRyS-Va24-Jal8-Va7.2-TCRaB+CD8a+CD4-, CD4+ T cell: TCRyS-Va24-Jal8-
Va7.2-TCRaB+CD8a-CD4+, Regulatory T cell: TCRy6-Va24-Ja18-Va7.2-TCRaB+CD8a-CD4+FoxP3+

WAT NK cell populations (CD45+Lin-(CD3-TCRaB-CD19-CD34-CD14-CD5-TCRyS-)CD7+TBET+CD200R1-): mature NK: EOMES
+PERFORIN+, tissue resident NK: EOMEShiPERFORINint, immature NK: EOMESIoPERFORINint

WAT ILC populations (CD45+Lin-(CD3-TCRaB-CD19-CD34-CD14-CD5-TCRyS8-EOMES-)CD7+CD200R1+); ILC1: TBET+, ILC2:
TBET-CRTH2+NKp44-, ILC3: TBET-CRTH2-NKp44+, ILCP-like: TBET-CRTH2-NKp44-CD62L+/-

WAT macrophage populations (CD45+Lin-(CD3-TCRafB-CD19-CD34-CD5-CD7-CD1c-)HLA-DR+CD11b+CD14+): Perivascular
macrophage: CD206+CD11c-, Lipid-associated macrophage: CD206+CD11c+, Inflammatory macrophage: CD206-CD11c+
WAT dendritic cell populations (CD45+Lin--(CD3- TCRaB-CD19-CD34-CD7-CD16-CD88-CD89-)HLA-DR+CD14intCD11c+):
conventional type 1 dendritic cell (cDC1): CD1c-CD26+, conventional type 2 dendritic cell A (cDC2A): CD1c+CD26-CD206-
CD14int, conventional type 2 dendritic cell B (cDC2B): CD1c+CD26-CD206+CD14hi

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