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Adipose tissue (AT) is a complex connective tissue with a high relative 
proportion of adipocytes, which are specialized cells with the ability to store 
lipids in large droplets. AT is found in multiple discrete depots throughout the 
body, where it serves as the primary repository for excess calories. In addition, 
AT has an important role in functions as diverse as insulation, immunity 
and regulation of metabolic homeostasis. The Human Cell Atlas Adipose 
Bionetwork was established to support the generation of single-cell atlases 
of human AT as well as the development of unified approaches and consensus 
for cell annotation. Here, we provide a first roadmap from this bionetwork, 
including our suggested cell annotations for humans and mice, with the aim of 
describing the state of the field and providing guidelines for the production, 
analysis, interpretation and presentation of AT single-cell data.

The Human Cell Atlas (HCA) is a global consortium of researchers 
working to develop a catalogue of all human cell types throughout 
development (https://www.humancellatlas.org/). The HCA comprises 
a series of bionetworks focused on specific tissues, organs or develop-
mental pathways. These bionetworks are responsible for identifying 
and addressing critical issues that face researchers in that area, and 
for helping the HCA generate reference atlases of the particular tissue, 
organ or pathway. Towards that end, the HCA Adipose Bionetwork will 

be involved in generating the Adipose Atlas 1.0, which will include (a) 
the integration of multiple single-nucleus RNA-sequencing (snRNA-seq) 
datasets from different healthy human AT depots; and (b) the develop-
ment of unified approaches and consensus on cell annotation. To sup-
port this work, the bionetwork held a series of virtual meetings open to 
all researchers in the field aiming to agree on guidelines in four areas 
of importance for single-cell analyses of ATs, that is, nomenclature 
for the anatomical localization of adipose depots, nomenclature for 
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Another distinction can be made between white adipose tissue 
(WAT) and brown adipose tissue (BAT). The latter contains brown adi-
pocytes that express high levels of genes for mitochondrial biogenesis, 
oxidative phosphorylation and heat production (thermogenesis) via 
futile cycling. The best-studied thermogenic pathway involves uncou-
pling protein 1 (UCP1), although futile calcium and creatine cycling 
can also generate heat15,16. Thermogenic adipocytes can also be found 
in white fat depots and are variously referred to as beige17,18 or BRITE19 
adipocytes; these cells are also rich in mitochondria and express UCP1. 
In rodents and other small mammals, brown adipocytes are found 
in a cluster of small, dedicated BAT depots in the interscapular area, 
while beige adipocytes emerge in WAT depots in response to specific 
stimuli, such as cold exposure. Brown and beige adipocytes have dif-
ferent developmental origins and express overlapping but distinct 
sets of marker genes20,21. In humans, BAT was thought to exist only in 
the newborn period, but recent studies show that it can also be found 
in adults in the deep cervical, supraclavicular, paravertebral and peri-
renal regions22–26.

There have been few systematic efforts to catalogue and char-
acterize the different adipose depots in any species27,28. In part, the 
diffuse nature of some adipocytes in different tissues and organs 
may make a truly comprehensive list of depots difficult to compile. 
This challenge is compounded by the fact that there is generally little 
correlation between depots across species. For example, the depot 
most often used by adipose researchers to represent VAT in mice is the 
perigonadal depot (typically the epididymal AT of the male mouse), 
which has no precise analogue in humans29. Conversely, one of the 
most important visceral depots in humans, the omental AT, is rudi-
mentary in mice. This issue goes beyond mice and men. For example, 
the hump of the camel is mainly composed of AT and represents one 
of the largest depots in that animal, yet it is absent in nearly all other 
mammalian species. Despite these constraints, here, we present a 
compendium of generally accepted adipose depots in humans and 
mice (Fig. 1 and Table 1).

Human adipose depots
Subcutaneous adipose depots
Most studies have not drawn major distinctions between SAT at dif-
ferent locations; however, it is becoming increasingly clear that there 
are substantial regional differences between SAT depots. For exam-
ple, abdominal SAT has different attributes and confers a different 
metabolic risk profile than gluteofemoral SAT30. Such differences 
may be explained by larger, yet more insulin-sensitive adipocytes in 
the thigh31, higher retention of lipids in gluteofemoral adipocytes14, 
differences in cell composition between abdominal and gluteofemo-
ral depots32 and/or variations in the differentiation capacity of their 
progenitors33.

Furthermore, both truncal and gluteofemoral SAT are separated 
into two planes, called deep and superficial, by a discrete subcutane-
ous fascia (termed Scarpa’s fascia in the abdominal region)34. This 
fascial plane is discontinuous, and in some parts of the body, the deep 
SAT can dominate. Deep and superficial truncal SAT exhibit different 
microanatomy and may have distinct metabolic functions and disease 
associations35–37.

Craniofacial AT provides another example of the differences found 
within the broad category of SAT. Not only does craniofacial AT exhibit 
different metabolic characteristics than SAT found elsewhere in the 
body, but there are actually several compartments within the category 
of craniofacial AT (for example, buccal AT), each of which may have its 
own molecular and functional characteristics38. We recommend that 
all studies (single-cell or otherwise) using SAT precisely define the site 
and depth from which it was collected.

Dermal AT has also been proposed as a separate depot. In mice, a 
thin muscular layer called the panniculus carnosus separates the der-
mal AT from SAT, but humans have only vestigial remnants of this layer 

cell annotation, and experimental and computational best practices. 
In this Review, we provide a roadmap of AT at single-cell resolution 
based on these meetings.

AT: a multifocal, heterogeneous and  
dynamic organ
Once thought to be an inert, cellularly bland storage reservoir for 
energy in the form of triacylglycerol, AT is now recognized to be a 
multifocal, complex, heterogeneous and dynamic organ that controls 
metabolic homeostasis via both endocrine and paracrine mechanisms. 
Unlike most organs, AT is multifocal, found both in discrete depots as 
well as scattered throughout other organs and tissues. AT is complex 
because it contains a multitude of cell types and subtypes, including adi-
pocytes, fibroblastic stromal cells (many of which represent adipocyte 
progenitor cells), immune cells, Schwann cells and vascular cells. AT is 
heterogeneous because its cellular composition varies substantially 
between and within depots. AT is dynamic because its composition 
changes during development1–3 and with perturbation, such as after 
changes in nutrition, physical activity or ambient temperature4–6. The 
transcriptional plasticity of AT has been studied using various methods, 
including bulk RNA-seq and quantitative PCR of whole tissue. More 
recently, single-cell transcriptome profiling has enabled the cellular and 
molecular plasticity of AT to be resolved at a single-cell level7. Defining 
‘normal AT’ in terms of its component cellular subtypes and linking 
them to function is a critical unmet milestone towards a complete 
understanding of metabolic homeostasis and disease.

Dysfunctional AT is associated with a variety of cardiometabolic 
diseases. A clear example is obesity, a condition in which excess adipos-
ity significantly increases the risk of type 2 diabetes (T2D), metabolic 
dysfunction-associated steatotic liver disease and cardiovascular 
disease. But AT is not only associated with disease when in excess; lack 
of AT, either generally or limited to specific regions, also confers risk 
for severe T2D, metabolic dysfunction-associated steatotic liver dis-
ease and atherosclerosis. Individuals with either inherited or acquired 
forms of lipodystrophy store excess lipids in non-adipose organs, such 
as liver, muscle and pancreatic islets, contributing to insulin resist-
ance and reduced insulin secretion8. Many gene expression changes 
in whole AT have been associated with cardiometabolic disease, but 
a true understanding of this relationship will depend on the ability to 
determine molecular and cellular changes at the level of single cells. 
For example, some subpopulations of macrophages are more likely 
to promote insulin resistance than others9, and certain adipocyte 
subtypes are more tightly associated with T2D than others5,10.

Anatomical location of adipose depots
Most AT is found in discrete depots in stereotypical locations through-
out the body, although scattered adipocytes can be found in various 
tissues and organs. Because the cellular composition, molecular attrib-
utes and associations with disease of AT vary depending on the depot, 
it is critically important that researchers share a common language 
for describing where their samples originate. Broadly speaking, AT is 
divided into two major groups: subcutaneous adipose tissue (SAT) and 
visceral adipose tissue (VAT), which have different associations with 
cardiometabolic diseases11,12. Excess VAT (stereotypically seen in men, 
thus the older term ‘android’ obesity) is associated with a relatively 
high risk of T2D, insulin resistance and atherosclerosis13. Conversely, 
excess SAT, especially in the gluteofemoral region (stereotypically 
seen in women, thus the older term ‘gynoid’ obesity), is associated 
with a relatively lower risk of metabolic dysfunction11,14. This simple 
dichotomy obscures several critical issues: (1) most individuals with 
obesity exhibit a mixed pattern of visceral and subcutaneous adiposity; 
(2) there are many depots within the broad category of VAT or SAT, each 
possessing distinct compositions and functions; and (3) there are many 
other depots of biological interest that become enlarged in obesity 
and that cannot be categorized within the duality of VAT versus SAT.

http://www.nature.com/natmetab
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in scattered areas39. Therefore, it is unclear whether the subcutaneous 
and dermal AT represent distinct depots in humans. However, small 
islands of adipocytes can be found in the human dermis, especially 
around hair follicles40,41.

Visceral adipose depots
Mesenteric and omental. The mesenteric and omental depots 
together make up most of the human VAT. The mesentery is a mem-
branous fold that extends from the posterior peritoneum and sus-
pends the loops of the large and small bowel within the peritoneal 
cavity. The AT that accumulates within the mesentery (mesenteric 
adipose tissue (MAT)) also contains lymphoid tissue in the form of 
AT-associated lymphoid clusters, which are milky, spot-like struc-
tures that grossly resemble fat. In inflammatory bowel disease, MAT 
can infiltrate the intestinal wall, a phenomenon called ‘creeping 
fat’, which is closely associated with disease pathogenesis42. MAT 
is sometimes named by the specific intestinal segment that it con-
nects (for example, mesocolic, mesosigmoid and mesorectal AT), 
and including this information in the reporting metadata would be 
of considerable value given the recognized heterogeneity of MAT 
adjacent to specific intestinal segments43. The omentum is a large, 
apron-like fold from the visceral peritoneum that extends downward 
from the stomach. Similarly to MAT, omental AT contains milky spots, 
which are lymphoid aggregates analogous to fat-associated lymphoid 
clusters44 with a rich vasculature. As the dominant sites of fat storage 
in obesity, MAT and omental AT are highly correlated with adverse 
cardiometabolic outcomes.

Perirenal and retroperitoneal. Perirenal adipose tissue (PRAT), which 
covers the kidneys and adrenal glands, is in the retroperitoneal space; as 
such, PRAT is not technically ‘visceral’, although it is commonly viewed 
as VAT. PRAT lies between the renal capsule and renal sinus, although 
the AT within the renal sinus itself is considered perivascular (see 
below), given its proximity to the renal vasculature. Similar to other 

VAT depots, PRAT is associated with obesity and cardiovascular disease. 
Interestingly, PRAT contains numerous thermogenic brown or beige 
adipocytes45,46. Retroperitoneal AT is found in the retroperitoneal space 
that is not within the anatomical limits described for PRAT.

Epiploic. Epiploic AT, also known as the appendices epiploicae, consists 
of two rows of 50–100 lobules attached to the outside of the colon. This 
rarely studied depot has recently been shown to have a unique mRNA 
and protein expression profile relative to other visceral depots47.

Periprostatic. As the name implies, periprostatic AT surrounds the 
prostate gland, and is a critical part of the tumour microenvironment 
in prostate cancer48.

Pericardial and epicardial. There has been some confusion regard-
ing the depots around the heart. The AT inside the pericardial sac and 
adherent to the myocardium should be called epicardial AT, while 
the term pericardial AT should be reserved for adipose depots that 
are exterior to the pericardium (Fig. 1a). One sometimes finds the 
term ‘paracardial’ AT in the literature; this term has no clear meaning 
and should be abandoned. Epicardial AT, which can make up 20% of 
gross cardiac weight, increases with obesity, and is associated with 
coronary artery disease and atrial fibrillation in humans and non- 
human primates49,50.

Mediastinal. Roughly 70% of intrathoracic AT in humans is not found in 
the pericardial or epicardial depots—this depot is called mediastinal AT. 
Mediastinal AT has some brown-like characteristics51. Some mediastinal 
AT is associated with the thymus, especially as it undergoes involution 
with ageing; adipocytes become a dominant component of the thymus 
by middle age52. Although the origin and function of these adipocytes 
remain incompletely understood, it has been suggested that thymic 
AT accumulation may contribute to age-related decline in adaptive 
immune function.
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Fig. 1 | Overview of main adipose depots in human and mouse. The figure illustrates the approximate anatomical locations of key adipose depots in humans (a) and 
mice (b). The colour of the adipose depot links to its classification as white, beige or brown AT.
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Other adipose depots
There are also AT depots located outside the primary subcutaneous 
and visceral regions, each with distinct anatomical locations and meta-
bolic roles.

Bone marrow. AT occupies up to 70% of the marrow cavity, mostly 
in the so-called ‘yellow marrow’, although there are adipocytes in the 
red marrow as well. Bone marrow adipose tissue has several unique 
features, not least of which is the paradoxical expansion in the face of 
severe calorie restriction and weight loss53,54.

Epineural/perineural. Some of the larger nerves have adipose depots 
that adhere to the outer nerve sheath, or epineurium. The mass of some 
neural-associated adipose depots can increase after nerve injury, and 
leptin from epineural adipocytes enhances neuronal regeneration 
and recovery55.

Mammary. AT makes up approximately 90% of the mass of the breast 
in non-lactating women. Adipocytes in the breast have an important 
role in development of the ductal epithelium and contribute to tumo-
rigenesis and metastasis of breast cancer56.

Perithyroidal. There is AT adherent to the surface of the thyroid 
gland, which can be a site of local invasion in some cases of thyroid 
carcinoma57.

Perivascular. As the name implies, perivascular adipose tissue (PVAT) 
encases many blood vessels, especially arteries. By consensus, vascular 
biologists have agreed that PVAT extends to a distance of one luminal 
width at the site under examination, or within 2 cm of any vessel >2 cm 
in diameter58. PVAT has been shown to have robust interactions with the 
encased vessel and may be involved in such conditions as hypertension 
and atherosclerosis58.

Retro-orbital. AT provides a cushion for the eye in its socket. In some 
people, the adipose stromal and progenitor cells (ASPCs) within this 

retro-orbital (sometimes called periorbital) AT express antigens that 
make the depot expand in the setting of Graves’ disease, causing 
ophthalmopathy59.

Intra-articular. AT also provides an important cushioning function 
within joints. A recent mixed single-cell RNA-sequencing (scRNA-seq)/
snRNA-seq study of the intra-articular AT of the knee (that is, the infra-
patellar fat pad) demonstrated a developmental relationship between 
adipocytes here and the synovial lining, and suggested paracrine inter-
actions that may promote osteoarthritis60.

Intermuscular/intramuscular. AT that is located under the deep fas-
cia and between major muscle bundles is called intermuscular AT61. 
Some investigators make a distinction between intermuscular AT and 
adipose depots located within or between muscle fibres (sometimes 
called intramuscular AT)62, although a functional, molecular or devel-
opmental basis for this distinction is not entirely clear. Most of the 
literature on intermuscular AT emerges from the livestock industry, 
as a measure of meat quality63. Nonetheless, in humans there are clear 
associations between intermuscular AT mass, obesity and insulin resist-
ance61. Importantly, lipid deposition within myocytes (intramyocellular 
triacylglycerol) is distinct from AT.

Structural adipose depots of the heel and fingers. Some parts of 
the body use adipocytes as a mechanical cushion, such as the heel and 
the tips of the fingers and toes. This AT is encased in tough septated 
connective tissue and is relatively inert metabolically64.

Brown (and beige) adipose depots
Unlike rodents, most adult humans at room temperature have lit-
tle constitutively active thermogenic AT. In general, women have 
more thermogenic AT than men, and the amount diminishes with 
age65. Many people respond to cold exposure by increasing the 
amount of 18F-fluorodeoxyglucose (18F-FDG) positron emission 
tomography-positive thermogenic AT22–25. There are also substantial 
interindividual differences in BAT volume that may in part be genetic in 

Table 1 | An overview of human and mouse adipose depots

Subcutaneous Visceral Others

Human Superficial subcutaneous
Abdominal superficial layer (white)
Superficial gluteofemoral
Submental (white)
Craniofacial (white)
Dermal (white)
Labial (white)
Deeper subcutaneous
Abdominal deep layer (white)
Deep gluteofemoral (white)
Axillary (white/brown)
Cervical (white/brown)
Supraclavicular (white/brown)

Mesenteric (white)
Omental (white)
Retroperitoneal (white)
Epiploic (white)
Periprostatic (white)
Perirenal (white/brown)
Suprarenal (white/brown)
Intercostal (white/brown)
Paravertebral (white/brown)
Mediastinal (white/browna)
Periaortic (white/browna)
Pericardial (white/browna)
Epicardial (white/browna)

Bone marrow (white/brown potential?)
Epineural/perineural (white)
Mammary (white)
Perithyroidal (white/brown potential?)
Perivascular (white/brown)
Retro-orbital (white)
Intra-articular (for example, popliteal and 
infrapatelllar; white)
Intermuscular (white/brown potential?)
Intramuscular (white/brown potential?)
Structural adipose depots of heel and 
fingers (white)

Mouse Superficial subcutaneous
Anterior subcutaneous (white/limited brown)
Inguinal (white/brown)
Gluteal (white/brown)
Interscapular (white/brown)
Triceps (white/brown)
Craniofacial (white)
Dermal (white)
Suprascapular (white/brown)
Axillary (brown)
Deeper subcutaneous
Dorsolumbar (white/brown)
Cervical (brown)
Supraclavicular (brown)

Mesenteric (white/limited brown)
Perigonadal (epididymal in males, periovarian 
in females; white/limited brown)
Pericardial (white/limited brown)
Periprostatic (white/limited brown)
Retroperitoneal (white/brown)
Perirenal (white/brown)
Mediastinal (white/brown)
Periaortic (brown)
Paravertebral (brown)
Omental (white)b

Pericardial (white)b

Epicardial (white/brown)b

Bone marrow (white/brown potential?)
Epineural/perineural (white)
Mammary (white)
Perithyroidal (white/brown potential?)
Perivascular (white/brown)
Retro-orbital (white)
Intra-articular (for example, popliteal and 
infrascapular; white)
Intermuscular (white/brown)
Intramuscular (white/brown)

ATs can broadly be categorized into subcutaneous (beneath the skin) and visceral (within the peritoneal cavity) depots as well as some other depots that cannot be classified into either of 
these categories. The table further specifies the predominant AT classifications (that is, WAT and/or BAT), if a human depot is primarily found in infants (a) or if a mouse depot is only observed in 
severely obese mice (b).
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origin. Interestingly, there is a clear association between the amount of 
brown and beige AT (as determined by scanning) and metabolic health, 
with reduced rates of T2D, dyslipidaemia, coronary artery disease, 
cerebrovascular disease, congestive heart failure and hypertension 
observed in individuals with greater 18F-FDG uptake65. Depots with 
the highest 18F-FDG uptake are found in the cervical, supraclavicular, 
axillary, intercostal, mediastinal, ventral spinal and perirenal areas27 
(Table 1). In addition to the depots defined in adults, infants have clas-
sical BAT in the interscapular depot and around the heart and great 
vessels66, but much of this is lost during childhood. There is ongoing 
debate about whether the other human thermogenic depots represent 
brown, beige, some other type of adipocyte or a mixed population. 
Marker studies have been contradictory and/or inconclusive, high-
lighting the complexity of human thermogenic AT and the need for 
clarity and consensus around nomenclature, cellular annotation and 
experimental approaches20,21,67–69.

Mouse adipose depots
There are many similarities between mouse and human AT, but also 
profound differences. Some of the most obvious differences relate to 
the specific depots, as highlighted below, but there are also important 
molecular and functional differences between mouse and human adipo-
cytes. Table 1 lists the mouse adipose depots that have been described 
to date.

Subcutaneous adipose depots
Mouse SAT exists in more anatomically defined locations than human 
SAT. In mice, the major accessible subcutaneous depot is the inguinal 
fat pad, and virtually all studies that look at mouse SAT focus on this 
depot. This inguinal depot contains a large lymph node that demarcates 
two distinct lobes, denoted the dorsolumbar and inguinal lobes70. In 
addition to its distinct structure, inguinal AT differs markedly from 
human SAT in two key aspects. First, the inguinal depot is a major site 
of thermogenesis in cold-exposed mice, as it houses a large number 
of inducible beige adipocytes. Importantly, these beige cells are not 
distributed evenly throughout the depot70. Second, the inguinal depot 
also contains a substantial portion of the mammary ducts, which can-
not be easily separated physically from the rest of the AT. Other white 
subcutaneous depots in the mouse are found in the anterior axillary 
region, the triceps area, the popliteal fossa, and encasing and infiltrat-
ing the interscapular BAT (see below)28,71.

Mice have a thin muscular layer below the dermis called the pan-
niculus carnosus; adipocytes located between the panniculus carnosus 
and the dermis are called dermal adipocytes (Fig. 1b). By contrast, sub-
cutaneous adipose depots lie below the panniculus carnosus. Mouse 
dermal adipocytes have a different developmental origin than SAT, and 
have been implicated in hair growth and cycling, wound healing and 
antibacterial defence40,72.

Visceral adipose depots
Mouse visceral depots also differ substantially from their human 
counterparts. Mice have a rudimentary omentum and store rela-
tively little fat in their mesenteric depot. Instead, the perigonadal 
depots (epididymal in males and periovarian in females) are the major 
sites of intraperitoneal fat storage. Recently, new adipose depots 
affiliated with the perigonadal AT were described in mice, referred 
to as lymph node-cervical adipose tissue in female mice and lymph 
node-prostatic adipose tissue in male mice73. Finally, mice have only 
a small amount of epicardial AT74, which becomes more evident in 
obese animals.

Other adipose depots
Similarly to humans, mice also have bone marrow adipose tissue, peri-
renal, retroperitoneal, perivascular, intra-articular and intramuscular/
intermuscular AT (Fig. 1b).

Brown (and beige) adipose depots
Mice have distinct BAT depots that maintain their identity regardless 
of ambient temperature75; the best studied of these is the interscapular 
BAT, but there are small cervical and axillary depots that share this trait. 
In addition, almost all ‘white’ depots of the mouse can undergo brown-
ing to some degree in the face of a cold challenge. This is most often 
studied in the inguinal SAT, but most other depots have at least some 
abilities to remodel to a more thermogenic state28. Accordingly, it is 
imperative that studies looking at AT composition in mice are rigorous 
about reporting ambient temperature.

Definition and annotation of adipose cell types
The rise of single-cell sequencing technologies has revealed a much 
greater cellular heterogeneity of most tissues, including ATs, than 
previously appreciated. This has led to confusion regarding the precise 
definition and annotation of distinct cell types, subtypes and cell states. 
The concept of ‘cell type’ refers to a distinct category of cells that share 
fundamental characteristics, functions and lineage. In single-cell data, 
a cell type is recognized as a distinct cluster of cells sharing overall 
marker gene expression and transcriptional networks. A cell type may 
be composed of many different cellular ‘subtypes’, which are specific 
populations within a cell type having specific characteristics and known 
or inferred functions. In single-cell data, cellular subtypes can be identi-
fied as distinct subclusters of a cell type. Finally, a cell state is the spe-
cific physiological or functional condition of a cell at a given moment. 
The condition can be dynamic and change in response to environmental 
cues, developmental signals or metabolic states. In single-cell data, 
cell states will often appear as less distinct subclusters of a cell (sub)
type. The context-dependent and dynamic nature of cell states makes 
them more difficult to classify than cell types. Moreover, as they often 
occur as a continuum of states, their classification is highly sensitive 
to the choice of computational strategy and the resolution imposed. 
For now, we propose focusing on the annotation of adipose cell types 
and subtypes in human and mouse tissues based on transcriptomic 
markers (Tables 2 and 3), acknowledging the inherent limitations of this 
approach. For example, as marker genes are rarely unique to one cellular 
subtype, accurate annotation of closely related cellular subtypes often 
requires a combination of multiple marker genes. Moreover, although 
subtype markers are useful for distinguishing between subtypes within 
a specific cell type, they may not be effective in differentiating these 
subtypes from other cell types present in the tissue. Therefore, the use 
of subtype markers is often limited to identifying subtypes within one 
or a few specific cell types, rather than across the entire tissue. Impor-
tantly, proper annotation of cellular subtypes and states will require 
inclusion of other modalities such as proteomics, metabolomics, and 
eventually isolation and functional characterization. Moreover, for 
cell (sub)types that are also abundant in other tissues, such as vascular 
cells and immune cells, nomenclature will eventually have to be aligned 
between tissues, as clarity with respect to functional characteristics 
is reached.

Here we provide the nomenclature and characteristics of the 
adipose cell types and subtypes agreed upon in the HCA Adipose 
Bionetwork.

Adipocytes
Adipocytes are the parenchymal cells of AT. They are large, lipid-filled 
cells with the primary function of storing excess calories mainly in the 
form of triacylglycerol. Furthermore, adipocytes act as endocrine cells 
that communicate systemically to inform other tissues about the state 
of their lipid stores, and regulate a large number of physiological func-
tions, including appetite, glucose homeostasis, coagulation, immune 
activity and blood pressure76. The large size and fragile nature of adi-
pocytes mean that they are not amenable to conventional flow-sorting 
and microfluidic devices. Thus, single-cell analyses of AT rely largely 
on snRNA-seq techniques7 (Fig. 2).
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Table 2 | Adipose cell-type annotations and proposed marker genes in human single-cell data

Cell types Human cell-type markers Cell subtypes Human cell-subtype markers

Adipocytes ADIPOQ5,82,83,94,124,133,176,189,190, PLIN1 (refs. 124,176)
White

Brown/beige COBL79, CKMT2 (ref. 79), PPARGC1A82, ATP5K136, 
COX7A1 (ref. 136)

ASPCs PDGFRA5,83,94,98,124,134,190, DCN10,82,190

Stem cells/early preadipocytes DPP4 (refs. 88,93,124,133), CD55 (refs. 88,93,124,133), 
PI16 (refs. 93,124,133,176)

Committed preadipocytes PPARG88,93,124,176

Pericytes STEAP4 (refs. 5,94,124,176,177), COL25A1 (refs. 
124,176)

SMCs MYOCD5,122,124,176, MYH11 (refs. 10,82,122,124,133,1
34,176,177,190)

ECs PECAM1 (refs. 5,98,122,124,190), 
MECOM82,124,176,177, CDH5 (ref. 122), ENPEP5

Lymphatic ECs PROX1 (refs. 94,124,134,176,189,191),  
LYVE1 (refs. 97,124,134,176,191)

Arterial ECs PCSK5 (refs. 176,191), GJA5 (refs. 122,124,191), 
NEBL122,176,177,191

Venous ECs ACKR1 (refs. 122,124,134,176,191)

Capillary ECs BTNL9 (refs. 124,134,176,190,191, RBP7 (ref. 122), CA4 
(refs. 122,191)

Mesothelial cells MSLN5,83,94,124, KRT19 (ref. 5), BNC1 (ref. 124)

B cells MS4A1 (refs. 5,83,94,124,134), CD79A97,98, IGKC98

Plasmablasts JCHAIN124

T cells CD3D82,134, CD3E82

Treg cells FOXP3 (refs. 98,124), TIGIT98,124, CTLA4 (refs. 5,98,124)

(Naive) CD4+ T cells CD2 (ref. 98), CD4 (ref. 134), CD40LG98,124

(Naive) CD8+ T cells CD8A98,134, GZMK98,124

Cytotoxic CD8+ T cells CD8A98,134, GZMB98,134, GZMH98

CD8+ γδ T cells CD8A98, LEF1 (ref. 98), KLRC2 (ref. 98), ZNF683 (ref. 98)

Mucosal-associated invariant 
T cells

CD8A98, KLRB1 (ref. 98), GZMK98,124, SLC4A10 (ref. 124)

NK cells GNLY10,97,98,124, KLRD1 (ref. 5), PRF1 (ref. 98)

Mature NK cells FCGR3A98,124, FGFBP2 (ref. 98), PRF1 (ref. 98), KLRF1 
(ref. 98)

Tissue-resident NK cells (NK-like) XCL2 (ref. 98), GZMK98, KLRC1 (ref. 98)

Immature NK cells (NK-like) XCL2 (ref. 98), GZMK98, KLRC1 (ref. 98), NCAM1 (ref. 98), 
CD2 (ref. 98), IL7R98, SELL98

ILCs IL7R98, CD200R1 (ref. 98)

ILC1 ZNF683 (ref. 98), TBX21 (ref. 98), CD200R1 (ref. 98), 
IL7R98

ILC2 GATA3 (ref. 98), IL1RL1 (ref. 98), CD200R1 (ref. 98), 
IL7R98

ILC3 CCR6, IL1R1 (ref. 98), IL23R98, CD200R1 (ref. 98), IL7R98

ILCP SELL98, IL1R1 (ref. 98), CD200R1 (ref. 98), IL7R98

DCs FLT3 (refs. 5,82,98)

cDC1 XCR1 (refs. 98,192), CLEC9A98,124,192, CADM1  
(refs. 98,124,192), DPP4 (refs. 98,192)

Activated DCs CCR7 (refs. 98,124,193), FSCN1 (ref. 98), CCL22 (ref. 98),  
LAMP3

cDC2B FCER1A98,124,134,192, CD1C98,124,134,192, CLEC10A98,124,176,192, 
IRF4 (refs. 98,192)

Neutrophils S100A12 (ref. 98), S100A9 (ref. 98), CSF3R5,124

Monocytes FCN1 (refs. 124,192)

Classical monocytes 1 FCN1 (refs. 98,124), FCER1A98, TXNIP98

Classical monocytes 2 FCN1 (refs. 98,124), FCAR98

Non-classical monocytes FCGR3A98,124,134,192, HES4 (refs. 98,124,192),  
LST1 (refs. 98,134), DGKG5

Macrophages MRC1 (refs. 134,136,176,177,192), F13A1 (refs. 
124,136,176)

PVMs LYVE1 (refs. 98,124,134,176), SELENOP98,176,192, C1QA10,98

LAMs CD9 (refs. 97,98,124,134), TREM2 (refs. 98,124,134,176), 
LPL97,98,124,176

Inflammatory macrophages CCL3L1 (ref. 98), TNF98, CXCL3 (refs. 97,98)

Mast cells KIT83,124,176,190, CPA3 (refs. 5,94,124,134,176,177)

Schwann cells XKR4 (ref. 124)
A summary of commonly used cell-type and subtype marker genes reported in human scRNA-seq/snRNA-seq studies to date. Distinguishing closely related cellular subtypes often requires 
a combination of markers. Moreover, many subtype markers do not necessarily differentiate subtypes from other cell types within the tissue and are therefore typically useful only for 
distinguishing subtypes within a specific cell type or a small subset of related types. cDC, conventional dendritic cell.
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Table 3 | Adipose cell-type annotations and proposed marker genes in mouse single-cell data

Cell types Mouse cell-type markers Cell subtypes Mouse cell-subtype markers

Adipocytes Adipoq5,133,136, Plin4 (ref. 3)

White Retn194

Brown/beige Ucp1 (refs. 81,82,136,147,194), Ppargc1a81,82, Cidea81,82,194, 
Adrb3 (ref. 81), Clstn3 (ref. 81), Atp5k136, Cox7a1  
(refs. 136,194)

ASPCs Pdgfra3,5,84,147,177,195, Dcn3,81,147,196

Early preadipocytes Dpp4 (refs. 84,88,89,131,176,196), Cd55 (refs. 88,89,195), 
Pi16 (refs. 84,88,90,133,195–197), Aldh1a3 (ref. 5), Ebf2 
(refs. 3,90)

Committed preadipocytes Pparg3,88,90,129,196,198, Icam88, Cd36 (refs. 3,129)
Areg cells in inguinal WAT Cd142 (refs. 89–91,195), Clec11a84,89,91,195, Fmo2  

(refs. 89–91,195), Meox2 (refs. 90,91), Epha3 (ref. 5)
Pericytes Steap4 (ref. 5), Enpep5

SMCs Myocd5, Myh11 (refs. 120,133,147,177,195), 
Acta2 (refs. 8,120,133,147,195,197,199)

ECs Pecam5,120,147,195, Cdh5 (refs. 84,120,147,195)

Lymphatic ECs Prox1 (refs. 5,120,177), Lyve1 (refs. 5,120,147)
Arterial ECs Hey1 (ref. 120), Gkn3 (ref. 120)
Venous ECs Vcam1 (ref. 120), Vwf120, Ackr1 (ref. 120)
Capillary ECs Car4 (ref. 120), Rgcc120

Mesothelial cells Msln3,5,133,195, Krt19 (refs. 5,195)
B cells Ms4a1 (refs. 3,5,188), Cd79a3,103,188,193, 

Cd79b3,113
Naive B cells Ighd188

Memory B cells Zbtb32 (ref. 188)
Plasmablast Jchain188

T cells Cd3d103,113,188,193, Cd3e103,188

Treg cells Cd4 (refs. 103,186,188), Foxp3 (refs. 103,113,186,188)
CD4+ cells Cd4 (ref. 188), Cxcr3 (ref. 188)
CD8+ effector memory cells Cd8b1 (ref. 188), Cxcr3 (ref. 188)
CD8+ central memory cells Cd8b1 (ref. 188), Ccr7 (ref. 188), Sell188

Cycling CD8+ T cells Cd8b1 (ref. 188), Cxcr3 (ref. 188), Stmn1 (ref. 188), 
Pclaf188

CD8+ γδ T cells Il7r188, Trdv4 (ref. 188), Cd163l1 (refs. 103,188), Cxcr6 
(ref. 188), Trdc188

NK cells Klrd1 (ref. 5), Xcl1 (ref. 188)
Mature NK cells Ncr1 (ref. 188), Klrb1b188, Klrb1c188

NK-like cells Ly6c2 (ref. 188), Klrb1c188, Cd3d188, Cd3e188

Invariant NK T cells Tbx21 (ref. 200)
ILCs Il7r188, Gata3 (refs. 188,193), Arg1 (ref. 103) ILC2 Klrg1 (ref. 188), Ccdc184 (ref. 188)

DCs Flt3 (refs. 3,5,103)

cDC1 Xcr1 (refs. 103,186,188), Clec9a5,186,188

Activated cDC1s Ccr7 (ref. 188), Mreg188, Il12b188

Cycling cDC1 Xcr1 (ref. 188), Clec9a188, Stmn1 (ref. 188), Pclaf188

cDC2 Sirpa103,188, Cd209a104,113,188

Activated cDC2 Sirpa188, Ccr7 (ref. 188), Mreg188

Cycling cDC2 Sirpa188, Cd209a188,193, Ear2 (ref. 188), Stmn1 (ref. 188), 
Pclaf188

Plasmacytoid DCs Siglech113,188, Cd209a188, Cox6a2 (ref. 188) Clec9a188

Migratory DCs Ccr7 (ref. 103), Ccl22 (ref. 103), Nudt17 (ref. 103)
Neutrophils S100a8 (ref. 188), Csf3r5, S100a9 (refs. 

113,188)

Monocytes Plac8 (refs. 188,193) Lyz1 (ref. 113), Lyz2 (ref. 
188)

Classical monocytes Socs6 (ref. 5), Fcgr1 (ref. 188), Ly6c2 (ref. 188), Ccr2 
(ref. 188)

Non-classical monocytes Ace188, Dgkg5

Macrophages Mrc1 (refs. 103,113,188), Adgre1 (refs. 
3,103,177,188)

PVMs Lyve1 (refs. 3,104,113,177,186), Cd163 (refs. 
3,104,113,177), Cd209f113,186

LAMs Cd9 (refs. 3,113,186), Trem2 (refs. 3,5,104,113,177,186), 
Lpl3,104,113

Nerve-associated 
macrophages

Maoa104, St3gal6 (ref. 104), Lilra5 (ref. 104)

Mast cells Kit188, Cpa3 (refs. 5,177,188), Mcpt4 (ref. 188)

Schwann cells Mpz133,147,197

A summary of commonly used cell-type and subtype marker genes reported in mouse scRNA-seq/snRNA-seq studies to date. Distinguishing closely related cellular subtypes often requires 
a combination of marker genes. Moreover, subtype markers may not effectively separate subtypes from other cell types in the tissue and are typically only useful for distinguishing subtypes 
within a specific cell type or a small subset of related types.
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Adipocytes are easily identifiable in snRNA-seq data by their expres-
sion of adipocyte-specific markers such as ADIPOQ and PLIN1. Brown 
and beige adipocyte subtypes can be distinguished from white adipo-
cytes by their high and moderate expression of UCP1, CIDEA, PPARGC1A, 
PRDM16 and CKMT2 (refs. 77–79). Several additional markers of brown 
and beige adipocytes have been reported; however, some of these have 
turned out to be positional markers that do not distinguish between 
white, beige and brown80. In addition to the white, brown and beige 
subtypes, several lines of evidence indicate that adipocytes from dif-
ferent depots, in addition to their positional markers, also have slightly 
different properties and transcriptional profiles, which may justify 
classification as different subtypes. Moreover, different adipocyte cell 
states, potentially depending on nutritional status, have been reported 
in both mice and humans3,5,77,78,81–83. However, the exact classification and 
characteristics of these cell states remains obscure and controversial.

ASPCs
The stromal cells of AT are a heterogeneous group of cells generally 
distinguished by high expression of PDGFRA and DCN84,85. These cells 
have been called adipose stromal cells, adipose-derived stromal (or 
stem) cells, adipose progenitor cells and fibro-adipogenic progeni-
tors, among dozens of other designations7,86. We recommend the term 
ASPCs, as this term captures both the supportive (stromal) and dif-
ferentiative (progenitor) roles played by these cells.

Several subpopulations of ASPCs have been identified, and 
although the exact taxonomy of these cells is still being worked out, 
some consensus has been reached. DPP4, for example, marks ASPCs 
that have the capacity to differentiate into adipocytes, but which are 
the farthest removed from the mature cell87,88. ASPCs that express 
mature adipocyte marker genes, such as PPARG and CD36, represent 
late preadipocytes3. Interestingly, subpopulations of ASPCs with the 
ability to inhibit in vitro adipogenesis, called adipogenesis-regulatory 
(Areg) cells, have been highlighted in some studies89–91. The relative pro-
portions of different ASPCs may depend on depot, age, body weight, 
metabolic health, sex and ethnicity. The developmental trajectories 
of different progenitor cells can be inferred computationally by tra-
jectory analyses3,88; however, detailed insight into the plasticity and 
lineage relationships between ASPC subtypes will ultimately require 
the development of new in vitro and in vivo models.

Mesothelial cells
The mesothelium consists of a layer of epithelial cells that lines the 
visceral cavities and organs. From the perspective of AT, mesothelial 
cells are only found in intraperitoneal (for example, omental and mes-
enteric AT) and intrathoracic (for example, epicardial) depots. These 
cells are not per se adipogenic92,93 and can be distinguished from ASPCs 
by the expression of markers such as MSLN and KRT19 (ref. 5). There 
is conflicting evidence about the role that mesothelial cells play in 
AT. Although the data indicate that mouse mesothelial cells cannot 
become adipocytes, single-cell studies have continued to identify a 
subset of mesothelial cells that share markers with ASPCs and exhibit 
the potential to transition between the mesothelial and mesenchymal 
state93,94, suggesting that there is a relationship between these cells 
that is not yet fully understood.

Immune cells
The AT immune compartment identified by expression of CD45 
(PTPRC) has representation from all major immune cell types with 
markers summarized in Tables 2 and 3 (refs. 95–99). Single-cell analy-
ses corroborate experimental studies showing that macrophages, 
dendritic cells (DCs), monocytes and T lymphocytes are the most 
abundant immune cells in AT, while B cells, natural killer (NK) cells, 
mast cells and innate lymphoid cells (ILCs) are comparatively less 
represented within the immune cell population. There is a disconnect 
between experimental evidence of adipose neutrophil and eosino-
phil populations in AT and single-cell studies that show a paucity of 
these cell types100,101. This disconnect may be due to known limita-
tions in RNA yields from neutrophils in single-cell experiments102,102. 
Furthermore, blood contamination in highly vascularized AT biopsy 
samples may lead to increased proportions of blood immune cells 
such as lymphocytes and monocytes103,104. Distinguishing blood and 
tissue-resident immune cells in AT is important, as resident AT cells 
have distinct molecular profiles compared to circulating blood 
immune cells (for example, regulatory T (Treg) cells)105,106. However, 
a clear separation of blood and tissue-resident immune cells may be 
difficult, as monocytes have been reported to have altered profiles 
as they transit through AT107.

The proportions and features of immune cells in AT differ based 
on body weight, age, sex and anatomical location. The diversity of 
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Fig. 2 | Workflow for single-cell and single-nucleus analysis on human AT. AT 
samples are collected from participants with informed consent, and metadata, 
including demographic and clinical data, are recorded. For snRNA-seq, AT 
can be snap frozen, allowing nuclei to be extracted from frozen samples. 
For scRNA-seq, fresh tissue is preferred, but fresh-frozen tissue can also be 
used if dissociated into single-cell suspensions before freezing. The samples 
are then processed to isolate cells or nuclei through enzymatic digestion or 
mechanical dissociation. Sample barcoding for multiplexing can be used to 

pool multiple samples in a single sequencing run, reducing costs and increasing 
throughput. Flow cytometry can be used to further sort and enrich specific cell 
populations before sequencing, or to remove low-quality nuclei or cells. Finally, 
the prepared samples can be loaded onto, for example, the 10x Chromium 
Controller, which uses advanced microfluidics to partition individual cells 
or nuclei into droplets, each containing a unique barcode for downstream 
sequencing and analysis. SVF, stromal vascular fraction; UMAP, uniform 
manifold approximation and projection.
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AT immune cells and their role in obesity and its complications have 
been extensively reviewed elsewhere9,108–110. Multiple molecular 
and functional subtypes exist within each broad immune cell type, 
and a full catalogue of all immune types may require enrichment 
of certain populations before single-cell profiling93. For example, 
AT macrophages can be categorized into various subpopulations, 
such as perivascular macrophages (PVMs), characterized by LYVE1 
expression107,111; lipid-associated macrophages (LAMs), marked by 
CD9 and TREM2 expression112,113; and non-perivascular macrophages 
(non-PVMs), which include sympathetic nerve-associated mac-
rophages expressing MAOA104,114–116. Importantly, the molecular pro-
files of LAMs and PVMs are seen in other tissue/disease contexts117,118, 
suggesting convergence of signals leading to specific macrophage 
activation profiles.

Vascular cells
Vascular cells can be classified into three main types: endothelial cells 
(ECs), which line the interior of blood vessels; smooth muscle cells 
(SMCs), which regulate vessel diameter and blood flow; and pericytes, 
which support and stabilize capillaries and venules.

Blood endothelium. Adipose ECs, like those in other tissues, comprise 
several functionally and transcriptionally distinct subtypes, which 
express common markers such as PECAM1 and CDH5 in humans and 
mice119,120. The subtypes include arterial ECs, expressing markers such 
as GJA5 and NEBL; venous ECs, expressing ACKR1; and capillary ECs, 
expressing RBP7, BTNL9 and CA4 (ref. 121). ECs exhibit remarkable 
plasticity, responding dynamically to changes in their surrounding 
environment. Integrative data analysis has revealed several additional 
potential subpopulations of ECs. Some of these subpopulations exhibit 
hybrid transcriptional profiles, with gene signatures resembling those 
of adipose monocytes or macrophages, suggesting a possible immu-
nomodulatory role122.

Lymphatic endothelium. Lymphatic vessels, lined by lymphatic 
endothelial cells, are integral to maintaining fluid balance and con-
ducting immune surveillance within AT. Lymphatic endothelial cells 
are particularly prevalent in VAT compared to SAT or BAT123. These cells 
are identifiable by their expression of PROX1 and LYVE1. However, it is 
important to note that LYVE1 also serves as a marker for specific subsets 
of macrophages and, therefore, should not be used by itself to identify 
lymphatic endothelial cells.

Pericytes and SMCs. Pericytes and SMCs, both classified as mural cells, 
have key roles in forming the structure of blood vessel walls. Pericytes 
are mainly located around small blood vessels, including capillaries 
and microvessels, while SMCs are the predominant cells in the walls 
of arterioles and arteries. Although both cell types express PDGFRB, 
SMCs in both humans and mice can be further distinguished by their 
expression of MYH11 and MYOCD, whereas pericytes selectively express 
STEAP4 (refs. 5,122).

Schwann cells
Schwann cells are glial cells that coat the axon and essential compo-
nents of the peripheral nerves that innervate AT. They have been cap-
tured in some integrated single-cell atlases of AT in humans and mice 
and are characterized by markers such as XKR4 and MPZ124.

Challenges in AT collection and processing
Proper collection and handling of AT samples are critical to preserve 
cellular or nuclear integrity and minimize experimental artefacts in 
single-cell analyses. Factors such as exact anatomical location, collec-
tion technique and processing protocol need to be thoroughly consid-
ered and accurately documented to ensure the generation of reliable 
and consistent single-cell data (Fig. 2 and Box 1).

Adipose tissue sampling
Several methods exist for the collection of AT, each potentially influ-
encing downstream analyses. Here we briefly summarize our collec-
tive recommendation for AT sampling and storage. Although these 
recommendations are informed by current scientific understanding 
and expert insights of the Adipose Biological Network, some aspects 
may require further investigation and stronger experimental evidence 
to achieve optimal sampling and storage practices.

The choice of collection method is usually guided by the location 
of the depots and should be properly documented (Box 1), as it can help 
account for potential confounding effects, when analysing the data.  

BOX 1

Recommended metadata 
reporting
This is meant to be a wish list of metadata for samples. Not all 
studies will have all information, but effort should be made during 
study design and sample collection to collect as much of this 
information as possible.

Individual information 
 • Demographics

 - Age
 - Sex
 - BMI
 - Disease state
 - Relevant medications
 - Relevant bloodwork
 - Fat distribution information

 • Collection conditions
 - Alive or deceased
 - Time of day
 - Time of year
 - Ambient temperature

Sample information 
 • Depot (Table 1)
 • Sample collection

 - Surgery, fine-needle biopsy
 - Type of anaesthesia if applicable
 - Time from tissue isolation to freezing

 • Storage and handling
 - Fresh or frozen samples
 - If frozen, length of freezing, temperature
 - Cell/nuclei isolation method
 - Other sample handling such as flow sorting
 - Any QC measures such as cell/nuclei count per sample
 - Single-cell method

Computational information 
 • Genome build used for alignment
 • Data processing programmes (including version number)
 • Cell QC information

 - Number of UMIs
 - Mitochondrial percentage
 - Ribosomal percentage
 - Score from doublet detection programme
 - Estimated ambient RNA fraction
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In humans, SAT biopsy samples can be acquired using minimally inva-
sive techniques such as needle aspiration, although surgical procedures 
are typically used to obtain VAT due to its deep location. Most elective 
intra-abdominal operations are now performed laparoscopically, 
which limits the amount of tissue that can be collected (approximately 
50 mg). However, larger amounts of PVAT can be collected during open 
heart surgery. An often-overlooked aspect is the impact of surgical 
procedures on AT125, where factors such as prolonged preoperative fast-
ing, exposure to lower ambient temperatures in the operating room, 
and the choice of tissue collection methods (for example, aspiration 
needle, electrocautery or scalpel) may influence gene expression in AT. 
Furthermore, the administration of oral or topical anaesthetics may 
also affect gene expression signatures in AT biopsy samples. For isola-
tion of mouse AT, the mouse is typically euthanized using inhalational 
anaesthetics (for example, isoflurane) in combination with cervical 
dislocation or a lethal dose of injectable anaesthetics (for example, 
ketamine). Perfusion can be performed to flush out blood from the 
AT before harvest, which could be particularly useful when studying 
tissue-resident immune compartments103,104.

After isolation of AT, it is often necessary to remove excess blood or 
moisture. However, rinsing the tissue with water or PBS may cause dam-
age during subsequent freezing, as formation of ice crystals can disrupt 
cell membranes and intracellular structures126. To avoid this, the tissue 
can be cleaned using clean laboratory wipes. Prompt handling of biopsy 
material is critical to minimize RNA degradation, and when immediate 
processing is not possible, the tissue should be frozen down as soon 
as possible after collection127. The most used method is snap freezing 
in liquid nitrogen; however, for some downstream assays this method 
can be problematic, because liquid nitrogen boils in contact with warm 
tissues and forms a vapour barrier acting as an insulator. As a result, 
the inner core of the tissue sample may freeze slowly and unevenly. To 
improve preservation of cellular structures for downstream assays, 
one can immerse the tissue in pre-cooled isopentane or freeze down 
tissue pieces in slow-freezing medium containing dimethylsulfoxide128. 
Additionally, sample integrity may be affected by the storage condition 
and duration. Although storage at −80 °C may be sufficient for most 
downstream applications, cryotanks with controlled temperature 
stability may offer advantages for preservation of nuclear integrity.

Preparation of AT for single-cell/single-nuclei sequencing 
analyses
AT presents unique challenges for single-cell sequencing tech-
nologies, particularly due to the fragile nature of adipocytes. 
scRNA-seq approaches have been widely used to profile cells origi-
nating from the stromal vascular fraction, such as ASPCs, ECs and 
immune cells1,32,81,83,88,90,97,98,113,129–133. However, capturing all cell types 
in AT requires snRNA-seq3,5,82,132,134–136 (Fig. 2). The pros and cons of 
scRNA-seq versus snRNA-seq for AT studies have been discussed in 
detail elsewhere7,132,134, and the method of choice depends heavily on 
the specific research question. For example, snRNA-seq is necessary 
to map the transition from preadipocytes to fully mature adipocytes 
during adipogenesis3,132.

Single-cell analyses
Various methods have been used for dissociating AT for single-cell 
analyses, including enzymatic, mechanical and automated 
methods81,97,127,137–139. Careful consideration is needed regarding dif-
ferences in the types and proportions of subpopulations that are 
recovered across these methods, particularly when integrating and 
comparing various datasets. Gentle dissociation methods are pre-
ferred for maintenance of cellular integrity, whereas harsher tech-
niques may be required for enriching certain cell populations, such 
as vascular cells, thereby potentially compromising the integrity of 
other cell types. Several single-cell studies of populations from AT 
use fluorescence-activated cell sorting (FACS) to enrich specific 

subpopulations or rare cell types93,98,113,129,130,133,140. In these studies, it 
is important to consider the potential introduction of bias in the cel-
lular fractions being analysed as well as potential effects of FACS on 
cell integrity and features. In all instances, meticulous quality-control 
(QC) measures are required to guarantee optimal cell quality during 
sample preparation.

Single-nucleus analyses
Nuclei are fragile structures that can be easily damaged during isola-
tion, necessitating careful handling and the use of appropriate meth-
ods and buffers to maintain their integrity137. Furthermore, the use of 
low-protein-binding tubes and pipette tips during the nuclei extraction 
process is strongly recommended to minimize contamination from oil 
droplets and residual tissue fragments. Importantly, contamination 
with cytoplasmic components, organelles and debris from ruptured 
cells can compromise the purity of the isolated nuclei and impact sub-
sequent applications. Pulverization of the tissue is occasionally pre-
ferred to achieve a more homogeneous nuclei preparation by effectively 
releasing cells embedded in the extracellular matrix.

However, in recent years, automated systems, such as the gentle 
MACS Dissociator, have gained popularity for isolating high-quality 
nuclei from AT127. These systems combine mechanical agitation and 
enzymatic digestion, offering standardized and reproducible dis-
sociation that enhances experimental consistency. Regardless of 
the approach, customizing dissociation protocols to accommodate 
structural variations in AT, such as those seen in obesity, might be 
needed to ensure sufficient yield of high-quality and representative 
nuclei for downstream analyses137. A major challenge with snRNA-seq 
is that the enclosed RNA becomes increasingly susceptible to RNases, 
resulting in rapid RNA degradation. A recent study, however, showed 
that using a combination of vanadyl ribonucleoside complex and 
recombinant RNase inhibitors during nuclei isolation from AT pre-
serves RNA integrity and nuclear structure, resulting in high-quality 
snRNA-seq data with high unique molecular identifier (UMI) counts 
and minimal ambient RNA contamination141. Another strategy that has 
been shown to increase the quality of nuclei and reduce ambient RNA 
load for snRNA-seq analyses is fluorescence-activated nuclear sort-
ing127. However, sorting leads to loss of nuclei, which could introduce 
compositional biases as well as challenges in the analysis of biopsy 
samples with limited material.

Computational issues related to the analysis of AT 
single-cell data
Comprehensive guides on best practices for the computational pro-
cessing of single-cell data in general are available142,143. Here we describe 
the major issues, with emphasis on how they relate to the analysis of 
AT data142,143 (Fig. 3).

As described above, most AT studies use snRNA-seq because of 
its ability to simultaneously capture information on all cells, including 
mature adipocytes. The use of nuclear data requires stricter QC cut-offs 
for mitochondrial reads than are commonly used in scRNA-seq, as these 
should not be present in nuclear preparation144. Fairly strict cut-offs for 
ribosomal reads should also be used. Additionally, it is important not 
to discard reads that map to intronic regions, as these can constitute 
up to 50% of the reads in a snRNA-seq dataset, compared to ~10% in a 
scRNA-seq experiment145. Because the cell membrane is destroyed to 
isolate nuclei, snRNA-seq data tend to be more susceptible to artefacts 
from ambient RNA than scRNA-seq. Although this should be addressed 
experimentally by using extra washes and/or FACS sorting, compu-
tational methods can also be used to clean and adjust ambient reads 
from datasets142.

Doublet removal is a major challenge in analysing AT datasets 
(Fig. 3). Several algorithms that detect ‘within-sample’ doublets are 
available in both Python and R146, and at least one of these should 
be applied to all datasets. Additionally, if samples are multiplexed, 
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demultiplexing using genetic or hashtag identifiers can also detect 
sample-to-sample doublets. After an initial round of doublet removal, 
we recommend annotating cells with the ‘doublet score’ calculated 
by the detection software and plotting this along with other QC met-
rics such as UMI number and mitochondrial percentage; cells with 
higher doublet scores will often cluster together and can be removed. 
Users should be mindful that overly stringent doublet removal might 
eliminate transition states or other bona fide cell types. If a cluster is 
suspected to represent a novel cell type or state, this can be supported 
by the presence of unique markers that are not present in either of the 
cell types that make up the putative ‘doublet’, as well as by staining for 
markers in tissue sections.

Benchmarking analysis comparing ASPC gene expression in 
whole-cell and single-nuclear datasets has shown that similar popula-
tions are retrieved using both methods, although there is less RNA 
diversity in nuclear data145. This can affect the accuracy of quantify-
ing transcript abundances and the ability to detect low abundance 
transcripts. Because there is a higher ratio of unspliced-to-spliced 
transcripts in the nucleus compared to the whole cell, there is increased 
length bias in transcript detection for snRNA-seq compared to 
scRNA-seq, leading to, for example, enrichment of long noncoding 
RNAs in snRNA-seq145. Additionally, because of the differences in spliced 
RNA content in the nucleus versus the whole cell, certain analytical 
approaches, such as trajectory and velocity analyses, which rely on 
the ratio of spliced-versus-unspliced RNA, may require adaptation.

Most single-cell AT datasets have been obtained using the 
droplet-based 10x Genomics platform3,5,60,82,97,98,133,136,147 and some ini-
tial integration efforts have been made124,134,148. More recently, however, 
datasets acquired using SMART-seq technology have been published, 
offering full-length and more comprehensive transcript coverage that 
can serve as a complementary resource for characterizing transcript 
variants of interest associated with AT149. However, this comes at the 
expense of reduced capacity to detect rare cellular subpopulations due 
to the ~10-fold reduction in numbers of profiled cells compared to 10x 
technology32,132,135. It is important to note that the platforms used may 
limit the computational tools available to clean the data. For example, 
SMART-seq-based methods do not automatically sequence ‘empty’ 
wells, which are typically required to estimate and remove ambient RNA.

Accurate classification and annotation of cell types in AT are crucial 
for QC and downstream analysis. Several automated correlation-based 
annotation tools, such as Azimuth150 and CellTypist151 are effective for 
annotating datasets that are not expected to contain novel cell types. 
These methods are built on existing reference datasets5,134, which limits 
their use for benchmarking previously uncharacterized tissues and 
annotating rare cell types. Similarly, supervised classification-based 
methods such as CellAssign152 and Garnett153 use deep learning to 
annotate cells, which also requires good-quality reference single-cell 
datasets containing all expected cell types.

These tools can be useful for datasets in which background noise 
or batch effects make other classification methods problematic. Most 
other methods rely on marker gene expression to annotate each cell, 
which has the advantage of not needing a reference dataset and, there-
fore, more easily allowing for the discovery of novel cell types. However, 
the expression of many genes can vary considerably due to the inherent 
heterogeneity across different samples, potentially leading to variable 
annotations of the same cell type. This inconsistency in cell-type label-
ling across different datasets can hinder comparative analyses and data 
integration efforts, underscoring the need for the standardized naming 
conventions that we are working towards as a network.

One of the goals of scRNA-seq and snRNA-seq experiments is the 
identification of new cell types or subtypes, and any new cell type iden-
tified in a dataset should be rigorously validated, both computationally 
and experimentally. A common pitfall is the annotation of a doublet 
population as a novel cell population. Groups should, therefore, ensure 
that any observed novel population expresses marker genes that are 
specific to that population and should validate these marker genes 
using complementary techniques such as immunohistochemistry, 
immunocytochemistry and/or flow cytometry.

Integration of data is an important step in creating a usable dataset 
and is especially important in the development of an atlas based on data 
from multiple laboratories using different protocols. Multiple variables 
must be taken into consideration when integrating, most notably the 
platform and method (for example, nuclear versus whole cell). Differ-
ences in cohort composition, batches, tissue lysis and single-nucleus/
cell isolation method, library preparation, sequencing platform, 
sequencing depth and RNA diversity in differing methodologies can 
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Combine and
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• CCA
• RPCA
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Fig. 3 | Overview of computational workflow for single-cell analyses on human 
AT. The workflow begins with aligning reads to the genome using, for example, 
Cell Ranger. Ambient RNA is removed using tools such as CellBender, SoupX 
or DecontX and doublets are identified and removed using scDblFinder, scdx, 
DoubletFinder or scrublet. Cells and genes are filtered on the basis of QC metrics. 
Data are then combined and integrated using Seurat or Scanpy, with integration 
methods such as Harmony, canonical correlation analysis (CCA) and reciprocal 

principal component analysis (RPCA). Clusters and marker genes are identified 
using Seurat, Scanpy or Liger. Data can be mapped to reference datasets using 
Azimuth or CellTypist. Additional analyses include trajectory analysis with 
slingshot or monocole3, differential expression analysis using pseudobulk, 
and prediction of cell–cell interactions with CellphoneDB or Cellchat. Listed 
programmes are suggestions and not exhaustive.
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lead to difficulties in harmonizing data. Various integration methods 
can be explored to assess their impact on the results154; however, when 
comparing two highly distinct datasets, it may be essential to use tech-
niques such as reference mapping150,155, which enables the comparison 
of cells across datasets while preserving the unique analysis of the 
component datasets.

Because a fully integrated adipose atlas will contain data from 
multiple depots, there is concern that data integration may inad-
vertently overcorrect true biological differences between depots. 
To preserve depot-specific features in an individual study, when 
multiple depot samples (for example, SAT and VAT) are available 
from the same individual, they should be aggregated at the individual 
level before integrating across different individuals. Efforts should 
be made to collect data for every depot in at least three laborato-
ries to help identify the differences between datasets that could be 
lab-versus-depot driven.

Similarly, data integration for comparisons of variables across 
individuals can lead to overcorrection of biological differences. 
One way to address this issue is by combining multiple samples into 
the same run and computationally demultiplexing using genotype 
information156,157, or by multiplexing using barcoded antibodies127 
and using run information as the integrating variable. Pseudobulking, 
that is, averaging/aggregating expression profiles across biological 
replicates142,158, effectively reduces over-integration artefacts but sac-
rifices information that might be gleaned from intra-sample variation. 
Another approach is to extend deep learning algorithms often used in 
the analysis of single-cell transcriptomes159 to explicitly model donor 
identity and intra-donor variation160.

Incorporation of bulk RNA-seq data
Single-cell/single-nucleus analyses are still performed on relatively 
small numbers of samples, although translating the knowledge 
gained by these approaches to the clinic requires validation in large 
(or larger) cohorts. snRNA-seq data can help identify novel putative 
molecular markers that can then be tested individually using dedicated 
approaches for validation (PCR of specific cell-type markers, as an 
example). Complementarily, deconvolution algorithms can be used 
to deduce cell-type proportions from bulk RNA-seq161, some of which 
are designed to use gene expression derived from snRNA-seq data to 
provide reliable estimates of cell-type composition of human AT162. 
As with annotation, the success of these techniques relies on a robust 
adipose reference atlas and a consensus definition of cell types.

Adipose Atlas 1.0
Choosing datasets
The primary objective of Adipose Atlas 1.0 is to create a comprehensive 
and inclusive representation of the major AT depots of the human body. 
On the basis of availability, we will include high-quality datasets from 
abdominal visceral, abdominal subcutaneous, and superficial and deep 
neck AT, ensuring representation of both WAT and BAT and independ-
ent replicates from different laboratories. The atlas will ideally include 
samples from both sexes across a wide range of ages. In addition, we will 
include diverse ethnic and racial backgrounds, when possible, although 
currently available datasets are somewhat limited in this regard. This 
information will be included in the metadata, allowing users to easily 
split and analyse the dataset on the basis of these key variables. We 
will further strive to include individuals across a broad spectrum of 
body mass index (BMI) categories to ensure that the atlas captures 
the heterogeneity of AT in different metabolic states. Pronounced 
differences have been observed between male and female AT163, which 
imposes an important analytical challenge to seamlessly integrate 
datasets across both sexes. Whenever possible, data on lifestyle and 
social determinants of health, such as diet, activity, occupation, socio-
economic status, income, education and domestic status164, will also 
be included for humans.

To ensure comprehensive representation of all cell types in 
the tissue, we will include both snRNA-seq and scRNA-seq data, 
despite the integration challenges this may pose. Such challenges 
arise from variations in the mRNA profiles between cells and nuclei, 
spliced-versus-unspliced RNA content, differences in isolation tech-
niques for snRNA-seq and scRNA-seq, and disparities in the capture 
efficiency and sensitivity of the two approaches. We will only include 
studies analysing a meaningful number of cells or nuclei, as a robust 
sample size is essential to mitigate potential batch effects. The initial 
focus will be on datasets that do not involve enrichment of specific 
cellular subpopulations. Given that most data have been generated 
using the 10x Genomics platform, we will begin by integrating these 
datasets, with plans to incorporate technologies offering full transcript 
coverage at a later stage. Although we recognize the growing interest 
in spatial and multi-omics approaches, the initial atlas will concentrate 
solely on RNA-seq data.

Metadata—required and suggested
An important task of the HCA Adipose Bionetwork is to ensure that the 
data are accessible and useful for groups with a wide range of interests. 
In this regard, we will collect comprehensive metadata for AT samples 
involved in the HCA integration efforts. It is, therefore, important to 
develop clear guidelines for reporting these metadata. This includes 
the exact anatomical location of the biopsy (Box 1). Currently, there 
is no consensus on the optimal biopsy site within a depot, such as the 
omentum, which exhibits considerable regional structural variability. 
Providing more detailed information on the biopsy site can aid data 
integration and comparison and offer a more comprehensive overview 
of subpopulations within the different adipose depots. In addition, 
specifics should be provided on sample acquisition, including the 
method of sample collection, storage and handling.

In addition to providing detailed information on the sample itself, 
individual-level metadata focused on physiological and metabolic 
parameters relevant to AT will ideally also be collected for these stud-
ies. These metadata would include anthropometric data, such as age, 
sex, weight, height, BMI, waist, waist–hip ratio and body fat percent-
age (with method specified), as well as information on disease states 
(for example, T2D, polycystic ovarian syndrome and cardiovascular 
disease), a comprehensive medication list and relevant blood work 
such as fasting glucose and insulin as well as lipid panels.

Information on the conditions at the time of sample collection 
such as the feeding status of the donor (duration of fast) at the time 
of biopsy acquisition, ambient temperature at the time of collection, 
and time of day and season should also be collected. If the study allows 
for collection of peripheral blood that can be banked along with the 
samples, it will allow for queries of factors such as circulating leptin 
and adiponectin levels as hypotheses arise. Although it is unlikely that 
all recommended metadata will be available for all studies, efforts 
should be made to collect whatever is possible during study design. 
When Adipose Atlas 1.0 is created, we will include the metadata that are 
available and make a note of which studies the metadata come from to 
assist with interpretation of the datasets.

Data sharing
As groups generate ever-larger sequencing datasets, one question 
is how best to share data with the community. Although sharing raw 
FASTQ files complies with the data sharing policies of many journals, 
these are often too large and computationally onerous for less bioinfor-
matically inclined groups to query for genes and cell types of interest. 
Therefore, data should ideally be shared both as raw FASTQ files and 
as processed data matrices and/or data objects such as RDS files. The 
HCA Data Repository (https://data.humancellatlas.org/contribute/)  
offers a platform for sharing FASTQ files and associated metadata 
for HCA datasets. Additionally, the HCA operates the Cell Annota-
tion Platform (https://celltype.info/), which stores matrices and cell 
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annotation metadata in a specialized portal that enables collaborative 
data annotation within the HCA community. Other similar platforms for 
querying single-cell datasets online include CZI’s CellxGene (https:// 
cellxgene.cziscience.com/) and the Broad Institute’s Single Cell Portal 
(https://singlecell.broadinstitute.org/single_cell/). The Adipose Bio-
logical Network will actively be using these platforms for our atlases 
to ensure comprehensive data sharing and accessibility within the 
scientific community.

Ethical and societal considerations
As spatial and single-cell technologies advance, consideration must be 
given to data privacy and ethical use of the detailed molecular data. 
Ensuring participant privacy and consent is paramount. Raw FASTQ 
level data can be used to identify a participant165, and some of the 
metadata described above may also be specific enough to identify an 
individual participant. In some regions, rules are already in place that 
restrict the sharing of raw data and metadata reporting with specific 
demographic information. The HCA data ingestion process is designed 
to comply with these laws, and groups that prefer to share their raw 
data through controlled-access databases can do so via the HCA Data 
Repository or dbGaP, which is operated by the National Center for 
Biotechnology Information. Groups that cannot share specific demo-
graphic information due to concerns about participant privacy should 
bin these values and report the appropriate range for each individual 
(for example, a 49-year-old individual could be reported as being  
aged 45–50).

To avoid bias and ensure that findings are broadly applicable, 
it is important to promote equity in research by ensuring access to 
advanced technologies and inclusion of diverse populations in AT 
research. When possible, researchers should recruit individuals from 
a wide demographic range. One of the missions of the HCA is to collect 
data from researchers around the world, ensuring diversity in both 
participants and the researchers themselves.

Atlas 2.0 and beyond
Although the HCA Adipose Atlas 1.0 is focused on currently available 
snRNA-seq datasets from healthy individuals, we anticipate that future 
versions of the Adipose Atlas will include more diverse datasets, com-
prising different adipose depots, genetically diverse cohorts and a 
variety of physiological and pathological conditions. Other modalities, 
such as spatial transcriptomics, and single-cell epigenomics, proteom-
ics and metabolomics will also feature in later atlases. This should also 
include cellular trajectories, including modelling of adipogenesis166–170 
and activation of immune cells.

Moreover, the human atlas will become more functional and inter-
pretable when comparable atlases are developed for other species, 
especially for emerging model organisms171 and species of agricultural 
importance172, which will also help to evaluate cross-species similarities 
and differences. Furthermore, adipocytes are not necessarily confined 
to specific adipose depots but can also be found in a variety of other tis-
sues. As snRNA-seq datasets emerge for more tissues, such as breast173 
and skin174,175, we will learn more about adipocytes residing in these tis-
sues. Finally, as mentioned previously, all of these huge datasets need to 
be accessible widely across the data sharing options suggested above 
to allow for exploring and querying single-cell datasets.

Metabolic and disease states
Most studies to date have used tissue biopsy samples obtained in the 
fasting state. However, AT is highly responsive to the dynamic hormo-
nal and metabolic signals in the postprandial state, and future studies 
should also probe the impact of metabolic state and nutrition on the 
adipose transcriptome and cellular composition. Recent longitudi-
nal snRNA-seq studies have addressed the plasticity of human AT in 
response to short-term and long-term weight loss176,177, revealing an 
obesogenic memory that may be driven by stable epigenetic changes 

in certain AT cell types177. These findings warrant further investiga-
tion at the single-cell level, which could be incorporated into future 
versions of the atlases. AT also needs to be studied across the entire 
life course, as some studies have suggested that AT may be a sentinel 
tissue for changes associated with ageing135,178. Furthermore, AT dys-
function is one of the main factors contributing to variability in meta-
bolic disease risk, including T2D, cardiovascular disease, polycystic 
ovarian syndrome and other endocrine and reproductive disorders. 
Although the initial version of the adipose atlas will focus on tissue from 
healthy individuals across a wide range of BMIs, one of the intended 
uses of this atlas is to enable comparison with AT during disease pro-
gression. To this end, future expansions of the atlas will incorporate 
recent single-cell studies that have uncovered associations between 
specific AT cell types and the severity of certain metabolic disease94. In 
addition to metabolic diseases, future atlases might encompass data 
from liposarcoma samples, which are malignancies of mesenchymal 
origin with elements of adipocytic differentiation and unique gene 
signatures compared to normal AT179.

Emerging technologies
Many new technologies are being utilized to query tissues and organs 
at single-cell resolution, including proteomics, metabolomics and 
epigenomics coupled with spatial mapping and profiling of cell types. 
Advances in single-cell epigenomics have enabled the mapping of acces-
sible genomic regions at single-nucleus resolution using the assay for 
transposase-accessible chromatin with sequencing (ATAC-seq)1,180–182, 
despite persistent technical challenges with frozen human AT. DNA 
methylation can also be assessed at the single-cell level, allowing explo-
ration of how environmental factors such as diet or obesity influence 
epigenetic states in cellular subpopulations183. Furthermore, future 
advances in single-cell long-read sequencing are expected to enhance 
chromatin accessibility and DNA methylation profiling, enabling simul-
taneous profiling of single-nucleotide polymorphisms, large-scale 
genetic alterations and epigenetic modifications184.

Some studies have already explored the transcriptional pro-
file of AT using spatial approaches10,134,185,186, although most of these 
studies lack single-cell resolution. New sequencing-based and 
bioimaging-based technologies now allow the study of spatial cell 
organization at single-cell and subcellular levels, enhancing our under-
standing of how spatial relationships between cell types in the adipose 
niche affect tissue function187.

Integrating various single-cell data modalities holds the poten-
tial to enhance our understanding of how different molecular lay-
ers interact in AT biology. For example, combining snRNA-seq and 
single-nucleus ATAC-seq to detect both the transcriptome and epig-
enome within the same cell is a powerful approach for inferring gene 
regulatory networks and causal transcription factors controlling AT 
function1. Additionally, scRNA-seq has also recently been combined 
with cellular indexing of transcriptomes and epitopes by sequencing 
(CITE-seq) to interrogate immunometabolic adaptations in mouse AT 
during weight loss188.

Efforts to integrate various multi-omics data types from the same 
cell still face considerable technological and computational challenges, 
including issues related to data alignment, synchronization and batch 
effects. Future efforts by members of the HCA and the Adipose Bionet-
work will, therefore, also focus on developing improved techniques 
for simultaneous or sequential multi-omics measurements, as well as 
sophisticated computational tools for data integration and analysis.

Conclusion
Over the past few decades, AT has emerged as a central player in mam-
malian metabolism, with important roles in normal physiology and 
in disease. As a complex, heterogeneous, multifocal and dynamic 
tissue, AT needs to be understood at single-cell resolution. Despite 
the technical challenges associated with this fatty tissue, the field 
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has made substantial progress by generating comprehensive cellular 
atlases of AT, identifying novel cell types and states, and determining 
the physical and functional relationships between cell types. The 
adipose research community has begun to establish standards for 
depot and cellular nomenclature, and for experimental and com-
putational best practices. Going forward, there will be considerable 
efforts throughout the HCA Bionetwork system and within the Adi-
pose Bionetwork to harmonize data and achieve consensus on cell 
annotation. As a bionetwork, we hope to establish resources that 
will enable data mining by experts and non-experts alike to usher in 
a new paradigm for AT research.
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