
 

 

 

 

 

 

 

University of Southern Denmark

Adipose tissue plasticity in obesity

Hauwaert, Elvira Laila Van

DOI:
10.21996/wqnh-jk36

Publication date:
2022

Document version:
Final published version

Citation for pulished version (APA):
Hauwaert, E. L. V. (2022). Adipose tissue plasticity in obesity. [Ph.D. thesis, SDU]. Syddansk Universitet. Det
Naturvidenskabelige Fakultet. https://doi.org/10.21996/wqnh-jk36

Go to publication entry in University of Southern Denmark's Research Portal

Terms of use
This work is brought to you by the University of Southern Denmark.
Unless otherwise specified it has been shared according to the terms for self-archiving.
If no other license is stated, these terms apply:

            • You may download this work for personal use only.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain
            • You may freely distribute the URL identifying this open access version
If you believe that this document breaches copyright please contact us providing details and we will investigate your claim.
Please direct all enquiries to puresupport@bib.sdu.dk

Download date: 23. May. 2023

https://doi.org/10.21996/wqnh-jk36
https://doi.org/10.21996/wqnh-jk36
https://portal.findresearcher.sdu.dk/en/publications/e2ff59ae-1452-4b8c-a471-75bdb120230e


 

 
Adipose Tissue Plasticity 

in Obesity 
 
 

PhD thesis 
Elvira Laila Van Hauwaert 

September 2021 
 
 
 
 
 
 
 
 
 
 
 
 

Supervisor 
Professor Susanne Mandrup 

 
 

 
   

Department of Biochemistry and Molecular Biology 
University of Southern Denmark 

  



 

  

  



 

  

Preface 
The work presented in this thesis was conducted in the Center for Functional Genomics and Tissue 

Plasticity (ATLAS) directed by Professor Susanne Mandrup in the period between 2018 and 2021. 

 

Being a part of the ATLAS team, from the establishment of the Center till today, has been truly 

inspirational. I would like to express my deep gratitude and appreciation to Susanne for firstly giving 

me the opportunity to perform my PhD studies under her guidance in ATLAS and secondly for 

supporting me both academically and personally at any time, especially during the ongoing COVID-

19 pandemic. Thank you! 

 

I would also like to express my heartfelt gratitude to Assistant Professor Jesper Grud Skat Madsen, 

my partner in life, for always encouraging me, for our fruitful discussions on bioinformatic topics, 

even in the middle of the night, and for your invaluable help in reviewing this thesis. 

 

Thank you to all former and present ATLAS members for the constructive feedback on research 

projects, for being great colleagues, and for providing an inspiring work environment. A special 

thanks goes to Søren Fisker Schmidt, Anne Loft, Ronni Nielsen, Babukrisha Maniyadath, Ellen 

Gammelmark, Ann-Britt Marcher, and Louise C. B. Elmelund-Præstekær for collaborations, advice, 

and discussions.  

 

Thanks to members of the Mandrup Group and to the Functional Genomics and Metabolism 

Research Unit for creating a caring and fun workplace. I would especially like to thank Lasse Kruse 

Markussen for your positive and supportive spirit and Tenna Pavia Mortensen for your experimental 

assistance.   

 

Finally, I would like to thank my family and friends for their support throughout my PhD study, 

especially during the final period in which this thesis was prepared. 

 

 

 Elvira Laila Van Hauwaert 
 September 2021 



 

Table of contents 
 

List of publications .................................................................................................................. - 3 - 

List of abbreviations ................................................................................................................ - 4 - 

Summary ................................................................................................................................. - 5 - 

Resumé (Danish summary) ...................................................................................................... - 6 - 

Introduction ............................................................................................................................ - 7 - 

The adipose tissue – a multi-depot organ .......................................................................................... - 7 - 

The role of white adipose tissue in regulating energy metabolism ................................................... - 10 - 

Adipose tissue remodeling in obesity is closely linked to inflammation ............................................ - 11 - 

De novo adipogenesis improves metabolic health ........................................................................... - 14 - 

Single-cell studies reveal novel heterogeneity of adipose tissue cells ............................................... - 17 - 

Aim and summary of results .................................................................................................. - 20 - 

Part I: Single-nucleus RNA-seq allows for dissection of in vivo adipogenesis. ......................... - 21 - 

Summary ........................................................................................................................................ - 21 - 

Results and discussion ..................................................................................................................... - 21 - 

Conclusions and perspectives .......................................................................................................... - 28 - 

Method details ................................................................................................................................ - 29 - 

Part II: An optimized protocol for whole adipose tissue profiling at single-nucleus resolution - 30 - 

Summary ........................................................................................................................................ - 30 - 

Results and discussion ..................................................................................................................... - 30 - 

Conclusions and perspectives .......................................................................................................... - 34 - 

Method details ................................................................................................................................ - 35 - 

List of references ................................................................................................................... - 36 - 

Enclosed appendices ............................................................................................................. - 45 - 

 
 
 



 

 - 3 - 

List of publications 
 
This thesis is based on the following published research: 
 
Plasticity of Epididymal Adipose Tissue in Response to Diet-Induced Obesity at Single-Nucleus 
Resolution.  
Cell Metabolism (2021).  
Anitta Kinga Sárvári#, Elvira Laila Van Hauwaert#, Lasse Kruse Markussen, Ellen Gammelmark, Ann-
Britt Marcher, Morten Frendø Ebbesen, Ronni Nielsen, Jonathan Richard Brewer, Jesper Grud Skat 
Madsen§ and Susanne Mandrup§. 
#These authors contributed equally. 
§Co-corresponding authors. 
 
Isolation of nuclei from mouse white adipose tissues for single-nucleus genomics.  
STAR Protocols (2021). 
Elvira Laila Van Hauwaert, Ellen Gammelmark, Anitta Kinga Sárvári, Lena Larsen, Ronni Nielsen, 
Jesper Grud Skat Madsen and Susanne Mandrup. 
  
I have also contributed to the following publications; however, these will not be discussed in detail. 
 
Highly interconnected enhancer communities control lineage-determining genes in human 
mesenchymal stem cells.  
Nature Genetics (2020). 
Jesper G. S. Madsen, Maria S. Madsen, Alexander Rauch, Sofie Traynor, Elvira L. Van Hauwaert, 
Anders K. Haakonsson, Biola M. Javierre, Mette Hyldahl, Peter Fraser and Susanne Mandrup. 
 
Osteogenesis depends on commissioning of a network of stem cell transcription factors that act 
as repressors of adipogenesis.  
Nature Genetics (2019). 
Alexander Rauch, Anders K. Haakonsson, Jesper G. S. Madsen, Mette Larsen, Isabel Forss, Martin R. 
Madsen, Elvira L. Van Hauwaert, Christian Wiwie, Naja Z. Jespersen, Michaela Tencerova, Ronni 
Nielsen, Bjørk D. Larsen, Richard Röttger, Jan Baumbach, Camilla Scheele, Moustapha Kassem and 
Susanne Mandrup. 
 
Integrated analysis of motif activity and gene expression changes of transcription factors.  
Genome Research (2018). 
Jesper Grud Skat Madsen#, Alexander Rauch#, Elvira Laila Van Hauwaert, Søren Fisker Schmidt, Marc 
Winnefeld and Susanne Mandrup. 
#These authors contributed equally. 
  



 

 - 4 - 

List of abbreviations 
 
Areg Adipogenesis-regulatory cell 
ASC2 Adipocyte stem cell 2 
ATP Adenosine-5’-triphosphate 
BAT Brown adipose tissue 
BMAT Bone marrow adipose tissue 
BMI Body mass index 
CD9 CD9 antigen 
CD24 Signal transducer CD24 
CD34 Hematopoietic progenitor cell 

antigen CD34 
C/EBP CCAAT/enhancer-binding protein 
CPA Committed preadipocyte 
DPP4 Dipeptidyl peptidase-4 
ECM Extracellular matrix 
ESC Embryonic stem cell 
FAP Fibro-adipogenic progenitor 
FIP Fibro-inflammatory progenitor 
HIF1A Hypoxia-inducible factor 1-alpha 
HFD High-fat diet 
ICAM1 Intercellular adhesion molecule-1 
IL-18 Interleukin-18 
IMAT Intermuscular adipose tissue 
IRS Insulin receptor substrate  
ITGB1 Integrin beta-1 
LAM Lipid-associated macrophage 
LEC Lymphatic endothelial cell 
LFD  Low-fat diet 
LSA Lipid-scavenging adipocyte 
LY6A Lymphocyte activation protein-6A 

MCP1 Monocyte chemoattractant 
protein 1 

MSC Mesenchymal stem cell 
PC Principal component 
PCA Principal component analysis 
PDGFR𝛂 Platelet-derived growth factor 

receptor alpha 
PDGFR𝛃 Platelet-derived growth factor 

receptor beta 
PPAR𝛄 Peroxisome proliferator-activated 

receptor gamma 
SAT Subcutaneous adipose tissue 
scRNA-seq Single-cell RNA-seq 
SMC Smooth muscle cell 
snRNA-seq Single-nucleus RNA-seq  
SVF Stromal vascular fraction 
TF Transcription factor 
TG Triglyceride 
TNF Tumor necrosis factor alpha 
TREM2 Triggering receptor expressed on 

myeloid cells 2 
TZD Thiazolidinedione 
UCP1 Uncoupling protein 1 
UMAP Uniform manifold approximation 

and projection 
UMI Unique molecular identifier 
VAT Visceral adipose tissue 
WAT White adipose tissue 

 



 

 - 5 - 

Summary 
Obesity has spread worldwide to pandemic levels and it is now recognized that obesity is one of the 

major contributors to health complications globally. Obesity is associated with an increased amount 

of adipose tissue that can lead to co-morbidities, such as type 2 diabetes, cardiovascular diseases, 

cancers, and liver failures. The rising prevalence of obesity among children and young people gives 

rise to an increased burden of obesity-associated diseases in the future to come. Thus, 

understanding the etiology of co-morbid conditions that arise with obesity progression is important 

for restoring metabolic health. Advances in single-cell technologies have revolutionized how we can 

study disease mechanisms. The cellular resolved insights into health and disease may drive new 

concepts of disease management.  

 
The overarching aim of this PhD study was to obtain a cellular resolved insight into the changes that 

adipose tissues undergo while adapting to obesity. We applied single-nucleus RNA-sequencing to 

isolated nuclei from murine adipose tissue to study the cellular plasticity in obesity. Using the 

nuclear transcriptomes, we were able to reconstruct the process of adipocyte differentiation in vivo 

– a process that has been linked to improved metabolism in obesity. In Part I, this work will be 

discussed in the context of adipogenesis. Additional adipogenic trajectories are further presented, 

indicating that all of our previously identified progenitor populations may have capacity for 

adipogenesis.  

 

Recent adaptations to our nuclei isolation protocol allow for the isolation of nuclei from adipose 

tissue samples of limited size. In Part II, our optimized protocol was applied on human adipose tissue 

followed by single-nucleus RNA-sequencing to demonstrate that our protocol generates 

transcriptomic data from individual nuclei of high quality. 
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Resumé (Danish summary) 
Fedme er blevet til en verdensomspændende pandemi, som i dag anses for at være én af de største 

årsager til globale sundhedsmæssige komplikationer. Fedme er forbundet med en ophobning af 

fedtvæv i sådan en grad, at tilstanden kan medføre væsentlige helbredsmæssige følgevirkninger, så 

som type 2 diabetes, hjertekarsygdomme, kræft og lever problemer. Den stigende tendens af fedme 

blandt børn og unge vil med stor sandsynlighed øge forekomsten af fedme-relaterede 

følgevirkninger i fremtiden. Det er deraf særligt vigtigt at forstå ætiologien af de følgevirkninger som 

fedme medfører for, at kunne genoprette en sund metabolisk tilstand. Teknologiske udviklinger 

indenfor enkelt-celle-sekventering har medført, at vi kan studere sygdomsmekanismer på et dybere 

niveau. Studeringen af enkeltceller i normal- og sygdomstilstande har potentiale til at revolutionere 

strategier for, hvorledes sygdomme behandles. 

 

Det overordnede mål med dette Ph.d. studium var at få indsigt i, hvorledes cellerne i fedtvævet 

ændrer sig under udviklingen af fedme. For at forstå den cellulære plasticitet af fedtvævet udførte 

vi enkelt-kerne-sekventering på cellekerner, som vi isolerede fra fedtvæv fra fede mus. Ud fra 

enkelt-kerne-transkriptomer kunne vi rekonstruere processen bag udviklingen til fedtceller in vivo 

– én proces som er relateret til forbedrede metaboliske parametre i fedme. I Part I diskuteres dette 

videnskabelige arbejde i konteksten af adipogenese; processen hvormed præadipocytter udvikler 

sig til modne adipocytter (fedtceller). Derudover præsenteres der adipogene ruter fra andre 

progenitorceller, som indikerer at disse har kapacitet til at undergå fedtcelledifferentiering. 

 

Nylige adaptioner til vores cellekerne-isoleringsprotokol har muliggjort isoleringen af cellekerner fra 

begrænsede mængder af fedtvæv. I Part II præsenteres enkelt-kerne-sekventeringsdata fra humant 

fedtvæv, hvor cellekernerne var blevet isoleret på baggrund af vores nyligt optimerede protokol. 

Disse resultater viser, at vores optimerede protokol genererer enkelt-kerne-sekventeringsdata af 

høj kvalitet. 
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Introduction 
The prevalence of obesity is rising rapidly worldwide and has now reached pandemic levels. In 2016, 

one-third of the adult world population was overweight or obese [1] and by 2030 nearly one in five 

adults are projected to become obese globally [2]. The obese state is associated with an increased 

accumulation of adipose tissue mass which is accompanied by major health consequences, including 

a high likelihood of developing type 2 diabetes, cardiovascular diseases, cancers, and liver failures 

[3-5]. The increased obesity rate is also affecting children and adolescents, where the prevalence of 

obesity has risen dramatically from 4% to 18% over the last four decades [1]. Gaining excess weight 

during childhood or adolescence is problematic as young obese individuals are predisposed to 

become obese in adult life and are thereby susceptible towards developing obesity-associated co-

morbidities [6, 7]. Although obesity, per se, is a result of a positive energy balance sustained for a 

longer period, the causal factors underlying the obese condition are multifaceted and complex. 

Genetic predispositions as well as behavioral and cultural factors, including being exposed to an 

obesogenic environment, have all been associated with increased adiposity and obesity [8-11]. 

Despite causality, obesity leads to profound health issues that relate to dysfunctional adipose tissue 

and it is therefore important to increase our understanding of how the adipose tissue itself 

contributes to co-morbid conditions with obesity progression as well as how the adipose tissue may 

be manipulated in order to restore a healthy metabolic profile.  

 

The adipose tissue – a multi-depot organ 
The adipose tissue is a specialized loose connective tissue where lipid-rich adipocytes, cells that are 

specialized towards lipid storage and utilization, account for roughly 90% of the tissue volume [12]. 

In healthy individuals, adipose tissues comprise approximately 20% of the body mass; however, in 

severe obesity, the abundance of adipose tissues can increase up to 50% [13]. The adipose tissue 

has historically been recognized as an energy storage organ; however, since the discovery of leptin 

in 1994 [14, 15], an appetite-regulating hormone that is derived from adipocytes [16], the adipose 

tissue has been acknowledged as an endocrine organ with central functions in regulating whole-

body energy homeostasis [17].  

 
Adipose tissues are widely distributed throughout the body in discrete anatomical depots. Each 

adipose tissue depot can be classified broadly according to its anatomical location. Subcutaneous 
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adipose tissue (SAT) depots comprise roughly 80% of all body fat [18, 19] and are situated under the 

skin, while visceral adipose tissue (VAT) depots are associated with internal organs. The major fat 

depots are located in the abdomen (upper-body SAT), gluteal-thigh area (lower-body SAT) and intra-

abdominally, including omental and mesenteric VAT depots (Fig. 1A) [20, 21]. Although an increase 

in total fat mass is generally associated with elevated risks of developing obesity-associated co-

morbidities, such as insulin resistance and type 2 diabetes [3-5], SAT and VAT depots correlate with 

these risks differently. While excess abdominal VAT appears to correlate with increased risks of 

developing  co-morbid complications in obesity [22], excess SAT has been associated both positively 

and inversely with metabolic complications [23-25]. The latter suggests that SAT might exert 

beneficial effects on overall glucose and lipid metabolism [26]. Thus, understanding the contribution 

from different adipose tissue depots to the overall metabolic profile is key to elucidate the 

underlying mechanisms that drive the development of obesity-associated co-morbidities. 

 Rodent animal models are widely used as pre-clinical models of human obesity [27]. Although 

fat depots in rodents are also categorized according to SAT and VAT divisions, the deposition of 

adipose tissue depots in rodents is strikingly different compared to humans. While VAT depots are 

situated in the abdominal cavity as well, rodent SAT depots are categorized according to the 

anterior-posterior axis and are located near the upper back region (anteriorly) and hind limbs 

(posteriorly) (Fig. 1B) [28]. Although VAT, as an entity, seems to be conserved, at least across 

humans and rodents, in terms of anatomical position, the epididymal adipose tissue, a major studied 

VAT depot associated with the testis in male rodents, is lacking in men. Furthermore, the omental 

VAT, which is a significant depot in humans, is barely detectable in rodents [28, 29]. Thus, 

extrapolation of discoveries in rodents may not necessarily translate to humans.  

 
Besides stratifying adipose tissues according to anatomical placements, adipose tissues can also be 

classified by morphology and function into white (WAT) or brown adipose tissue (BAT) (Fig. 1A and 

1B). WAT is the most abundant type of adipose tissue and is characterized by the presence of 

unilocular adipocytes, i.e., adipocytes containing a single, large lipid droplet. The primary function 

of WAT is to regulate whole-body energy homeostasis by storing surplus energy as lipids that can 

become released as fatty acids into the circulation to fuel peripheral tissues on demand [30]. As SAT 

comprises the majority of WAT in healthy, lean individuals [18, 19], most of the lipid storage capacity  
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Fig. 1 Main adipose tissue depots in humans and mice. Adipose tissue depots can broadly be divided into white adipose tissue (WAT) 
and brown adipose tissue (BAT) that are located within discrete anatomical locations in humans (A) and mice (B). Major WAT depots 
are located under the skin as subcutaneous adipose tissue (SAT), associated with internal organs as visceral adipose tissue (VAT) or 
located within bones as bone marrow adipose tissue (BMAT). Minor WAT depots associate to the heart and vasculature (e.g., 
epicardial, pericardial, and perivascular adipose tissues) and muscles (e.g., intramuscularly). BAT depots are predominantly located 
near the scapulae. Figure adapted from [5]. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

relates to the ability of SAT depots to expand according to increased energy intake. In addition to 

WAT, distinct fat depots, comprising 1-2% of total fat [31], containing multilocular adipocytes, i.e., 

adipocytes in which lipids are organized in multiple, small droplets, have been discovered [12, 32]. 

The adipocytes within these depots are especially enriched in mitochondria, that due to their high 

iron content gives these tissues a brownish appearance; hence, these discrete depots are named 

BAT [33]. BAT-resident adipocytes uniquely express the mitochondrial protein uncoupling protein 1 

(UCP1). UCP1 acts as a proton carrier that allows BAT to dissipate the electrochemical proton 

gradient driving adenosine-5’-triphosphate (ATP) synthesis by which the energy stored in the 

proton-motive force is released as heat and ongoing fatty acid oxidation is sustained [34]. Thus, BAT 

is a specialized adipose tissue organ with high capacity for thermoregulation. 

 A third type of adipose tissue has also been described, namely beige adipose tissue, and it is 

characterized by the presence of brown-like adipocytes, termed beige adipocytes, in classical WAT 

depots [35]. The progeny of beige adipocytes remains elusive; however, it has been suggested that 

beige adipocytes may emerge from transdifferentiating white adipocytes or from specific precursor 

cells [36]. The conversion from a white to a brownish morphology is referred to as browning [37]. 

However, WAT depots that are susceptible to browning differ across species. In rodents, the inguinal 

adipose tissue, a posterior SAT depot, is the most receptive depot to browning, while visceral WAT 
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undergoes browning in humans [38]. As beige adipocytes acquire properties of brown adipocytes, 

including increased oxidative capacity, beige adipose tissue along with BAT, have been suggested as 

therapeutic targets in the combat against obesity. However, the opposing browning patterns 

observed in humans and rodents challenge translatory studies where more insight is needed for 

extrapolating metabolic effects observed in rodent animal models. 

 
In addition to the adipose tissue depots described above, fat deposits within the bone marrow 

accounts for roughly 10% of total fat mass in healthy adults (Fig. 1A and 1B) [39, 40]. Bone marrow 

adipose tissue (BMAT) contributes to the circulatory levels of adipose tissue-derived hormones and 

thereby has potential to exert systemic effects on whole-body energy homeostasis [41]. Thus, BMAT 

is considered an important endocrine depot. Minor adipose tissue depots have also been associated 

to the vasculature, joints, and muscles; however, the role of these depots in energy metabolism 

remains unclear [42]. 

 

The role of white adipose tissue in regulating energy metabolism 
The adipose tissue is highly plastic when it comes to adapting to the nutritional status of the body. 

It is the adipocytes that store surplus energy in the form of triglycerides (TGs) within lipid droplets 

[43]. The majority of stored TGs derive from dietary fat [44]; however, carbohydrates, such as 

glucose, can also be converted into TGs through de novo lipogenesis [45]. In states of energy 

demands, TGs are hydrolyzed through lipolysis and the resulting fatty acids serve as important 

oxidative fuels for peripheral tissues [44]. The balance between TG formation and breakdown 

ultimately dictates whether fat is being accumulated or diminished and is tightly regulated by 

endocrine and neuronal actions. One of the major endocrine regulators, having profound effects on 

the metabolism in adipocytes, is insulin, a pancreas-derived hormone that regulates whole-body 

glucose homeostasis [46, 47]. The circulating levels of insulin rise in the postprandial phase to 

promote lipid and glucose uptake while suppressing lipolysis [47, 48]. Thus, insulin facilitates energy 

storage. In the fasting state, where insulin levels decrease, noradrenergic release from the 

sympathetic nervous system stimulates β-adrenergic receptors, which in turn stimulate lipolysis 

[48]. Thus, the balance between lipogenic and lipolytic signals is critical for the adipose tissue to 

buffer the daily flux of lipids [49]. WAT further regulates energy metabolism through endocrine 

actions. Adipocytes secrete a variety of cytokines and hormones, collectively referred to as 
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adipokines, with profound effects on energy homeostasis [50, 51]. Adiponectin, an abundant 

adipocyte-derived hormone with insulin-sensitizing effects [31, 52, 53], improves metabolism by 

stimulating fatty acid oxidation in skeletal muscle and liver, increasing the clearance of circulatory 

glucose by stimulating its uptake in skeletal muscle and adipose tissue while exerting anti-

inflammatory responses in the later [54]. Besides adiponectin, leptin is also a major adipokine with 

substantial endocrine activity on whole-body physiology [55]. Leptin regulates appetite and energy 

balances by acting primarily on the central nervous system, in particular the hypothalamus, which 

controls food intake and energy expenditure. Leptin is secreted upon food intake and suppresses 

appetite while stimulating energy expenditure in peripheral tissues [55]. Thus, WAT regulates 

whole-body energy metabolism by endocrine and non-endocrine mechanisms. 

 

Adipose tissue remodeling in obesity is closely linked to inflammation 
Overnutrition is closely linked to adipose tissue remodeling observed both at the cellular and 

functional level which is reflected by alterations in the cell type composition as well as in the 

secretion of cytokines and hormones [12, 17, 31]. Although adipocytes account for roughly 90% of 

the adipose tissue volume, only 20-40% of all adipose tissue cells are believed to represent 

adipocytes [12]. The remaining 60-80% relate to cell types of stromal vascular origin, such as 

immune cells, endothelial cells, pre-adipocytes, fibroblasts, and mesothelial cells [12, 56, 57] which 

play essential roles in maintaining the function of the adipose tissue. During obesity, WAT 

undergoes significant remodeling, which is accompanied by a shift towards a pro-inflammatory 

secretory profile (Table 1). The adipose tissue increases its capacity for lipid storage by expanding 

the size of existing adipocytes (hypertrophy) or by stimulating adipocyte precursors to differentiate 

into mature adipocytes, resulting in the formation of new adipocytes (hyperplasia) [12]. 

Hypertrophic expansion affects the phenotype of adipocytes pleiotropically, resulting in abnormal 

adipocyte function (Fig. 2). Severe hypertrophic adipocytes become necrotic-like, eventually leading 

to cellular death. This pathological condition is associated with local inflammatory responses that 

are driven by increased expression of pro-inflammatory cytokines, including tumor necrosis factor 

(TNF) and monocyte chemoattractant protein 1 (MCP1) (Table 1) [58-61]. The resulting elevated 

levels of pro-inflammatory cytokines lead to recruitment of immune cells, which mainly comprise 

macrophages [62]. Adipose tissue-resident macrophages are also found in lean adipose tissues,  
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Fig. 2 Characteristics of hypertrophic adipose tissue. Adipocyte hypertrophy allows the adipose tissue to store excess energy in 
existing adipocytes. In obesity, where energy is in chronic excess, adipocytes become severely enlarged (hypertrophic) and insulin 
insensitive. Hypertrophic adipose tissue is associated with hypoxia as the vasculature cannot keep up with adipose tissue expansion. 
Hypoxic conditions are associated with adipocyte necrosis and expression of pro-fibrotic genes leading to fibrosis development. In 
addition, pro-inflammatory cytokines are secreted from hypertrophic adipocytes, which stimulates macrophage infiltration, which 
in turn contributes to low grade chronic inflammation. Adapted from [89].  

 

 

 

 

 

 

 

 

 

 

 

 

 

representing 5-10% of all cells; however, with obesity, the abundance of macrophages increases 

significantly where it has been estimated that they can represent up to 60% of all adipose tissue 

cells [62]. Adipose tissue-resident macrophages encircle dead or dying adipocytes, where they form 

microenvironments known as crown-like structures. In these structures, macrophages engulf the 

residual lipid droplet from damaged adipocytes, thereby reducing lipid spill-over in the tissue which 

is associated with severe inflammation [63-65]. Recently, the lipid-receptor triggering receptor 

expressed on myeloid cells 2 (TREM2) was found to be important for the formation of crown-like 

structures in a subpopulation of adipose tissue macrophages termed lipid-associated macrophages 

(LAMs) [66]. Ablation of TREM2 causes severe adipocyte hypertrophy; thus, highlighting a protective 

role of adipose tissue macrophages in obesity [66]. This effect might however be outbalanced by 

pro-inflammatory signals as adipose tissue macrophages secretes the majority of pro-inflammatory 

cytokines, including TNF, in the obese state (Table 1) [62]. In adipocytes, TNF disrupts activation of 

insulin receptor substrate (IRS) proteins, which mediate the downstream effects of insulin signaling, 

and thereby suppresses the physiological actions of insulin [67-69]. As insulin exerts anti-lipolytic 

effects under normal conditions, TNF-induced impairment of insulin sensitivity in hypertrophic 

adipocytes causes the brake on lipolysis to become released [70]. Thus, decreased insulin sensitivity 

in hypertrophic adipocytes tips lipid metabolism towards the lipolytic pathway, resulting in elevated 
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levels of circulating fatty acids that peripheral tissues become exposed to. Eventually, the capacity 

to oxidize fatty acids will be exceeded in these tissues, causing fatty acid intermediates to 

accumulate intracellularly, which is closely related to the development of systemic insulin 

resistance, a condition where tissues have a diminished capacity to respond to insulin [71, 72].  

Table 1 Major adipokines.    
Adipokine Primary source(s) Inflammation Role Expr. in obesity 
Adiponectin Adipocytes Anti-inflammatory Insulin sensitizing Low 

SFRP5 Adipocytes Anti-inflammatory Suppression of pro-inflammatory WNT-signaling Low 
TNF Adipocytes, macrophages Pro-inflammatory Inflammation, insulin resistance High 

ANGPTL2 Adipocytes Pro-inflammatory  Inflammation High 
CCL2 Adipocytes, macrophages Pro-inflammatory Monocyte recruitment High 
Leptin Adipocytes Pro-inflammatory Appetite control and energy expenditure High 

Lipocalin 2 Adipocytes, macrophages Pro-inflammatory Inflammation through TNF, insulin resistance High 
 Abbreviations: ANGPTL2, angiopoietin-like protein 2; CCL2, CC-chemokine ligand 2 (also known as MCP1); expr, expression; SFRP5, 
secreted frizzled-related protein 5; TNF, tumor necrosis factor. Adapted from [60, 61]. 
 

While adipose tissue-resident macrophages increase in numbers and contribute to inflammation in 

obesity, mesothelial cells have also been linked to inflammatory processes through their 

responsiveness towards TNF and subsequent production of pro-inflammatory cytokines [73]. 

Adipose tissues of visceral origin are lined with a monolayer of mesothelial cells that form a defined 

mesothelium [74]. Mesothelial cells are thought to possess protective properties by forming a non-

adhesive barrier; however, their physiological role in adipose tissues remains less characterized. 

Interleukin-18 (IL-18), a pro-inflammatory cytokine relating to innate and acquired immune 

responses which further correlates with visceral obesity and insulin resistance [75, 76], is 

predominantly expressed in VAT mesothelial cells from obese individuals, suggesting that 

mesothelial cells might be the source of secreted IL-18 [77]. Thus, mesothelial cells in adipose tissues 

switch towards a pro-inflammatory state in obesity, thereby aggravating the inflammatory cascade. 

Along those lines, endothelial cells, which form the endothelium that lines the inside of blood 

vessels and are important regulators of angiogenesis, the process by which vessels are formed, are 

also susceptible to TNF-signaling [78]. The ability of adipose tissues to expand in size is an important 

feature of normal adipose tissue function; however, this process is angiogenesis-dependent [79]. 

Under normal conditions, endothelial cells remain quiescent, but under obese conditions, 

endothelial cells switch towards a pro-inflammatory phenotype [78, 80]. Mild hypoxia may arise 

near expanding adipocytes which stimulates the formation of new vasculature to increase the local 

supply of oxygen [81]. With the development of obesity, adipose tissue expands rapidly and a 
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disbalance between inflammatory and angiogenic signals can lead to endothelial dysfunction, 

resulting in impaired angiogenesis and worsened hypoxia [80]. Under hypoxic conditions, hypoxia-

inducible factor 1-alpha (HIF1A), a key regulator of angiogenesis, becomes upregulated in 

adipocytes which in turn induces excessive expression of extracellular matrix (ECM) constituents, 

including collagens [82]. Excessive ECM synthesis, a hallmark of fibrosis, may decrease the flexibility 

of the ECM, thereby hindering functional expansion of adipose tissues along with impaired lipid 

buffer capacity [83]. Thus, changes in the local adipose tissue environment are important 

components of perturbed adipocyte functions in obesity. To sum up, the inflammatory state that is 

associated with obesity promotes additional pro-inflammatory responses in multiple adipose tissue 

cell types which collectively contributes to chronic inflammation and metabolic disorders. Although 

acute inflammation serves as a defense mechanism against harmful stimuli [84], chronic 

inflammation leads to adipose tissue dysfunction, which has been suggested to contribute to early 

insulin resistance [85-88]. Thus, delineating the events by which inflammatory signals drive adipose 

tissue dysfunction at the cellular level may provide insight into the underlying molecular 

mechanisms that initiates and sustains an insulin resistant state systemically. This will be of 

importance for establishing proper preventive therapies for ameliorating metabolic complications 

associated with obesity. 

 

De novo adipogenesis improves metabolic health 
Hyperplastic growth of adipose tissues allows for storage of excess energy in newly formed 

adipocytes which may improve obesity-induced metabolic conditions [12, 89]. The total number of 

adipocytes, which can be considered as a metric of the total lipid-storage capacity, is largely 

determined during childhood and remain nearly constant in adulthood regardless of body mass 

index (BMI) or marked weight loss [19]. The rate of adipocyte formation is however context-

dependent as adults that become obese during childhood or adolescence are characterized by an 

increased number of adipocytes, compared to individuals that develop obesity in adulthood [19, 

90]. Further, the turnover rate of adipocytes, dictated by the balance between adipocyte death and 

formation, remains constant in obesity, suggesting that hypertrophic adipocytes are the dominant 

driver of the underlying metabolic disorders in obesity [19]. This is further supported by studies 

showing that non-obese insulin resistant individuals are characterized by visceral hypertrophic 
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Fig. 3 Transcriptional networks in adipogenesis. Adipogenesis is the process by which mature adipocytes develop. Uncommitted 
progenitors commit to the adipogenic lineage, resulting in the formation of pre-adipocytes. Upon adipogenic stimulation, pre-
adipocytes undergo adipogenesis by which mature adipocyte characteristics are obtained. Insight into the transcriptional networks 
that facilitate adipogenesis have mainly been studied in vitro and is controlled by at least two consecutive transcriptional waves. 
Adipogenic induction activates first wave transcription factors (TFs) which in turn induces a second wave of TFs. The later leads to 
the activation of the master regulator of adipogenesis, namely peroxisome proliferator-activated receptor gamma (PPAR𝛾) and 
CCAAT/enhancer-binding protein alpha (C/EBP𝛼) which collectively induce genes associated with the adipocyte phenotype. PPAR𝛾 
and C/EBP𝛼 mutually induce each other to maintain the mature adipocyte state. Additional abbreviations: AP1, transcription factor 
AP-1; C/EBP𝛽, CCAAT/enhancer-binding protein beta; GR, glucocorticoid receptor; STAT, signal transducer and activator of 
transcription. Adapted from [110]. 

obesity [91, 92] while VAT from obese individuals that are metabolically healthy tend to have 

numerous and smaller adipocytes [93]. Thus, obesity-associated complications, which correlate 

highly with excess abdominal VAT, might be attributed towards failure of de novo formation of 

adipocytes resulting in an increase in the hypertrophic phenotype. Increasing the number of 

adipocytes might therefore be protective against hypertrophy-induced metabolic complications.  

 
The increase in adipocyte numbers through hyperplasia encompasses two consecutive phases: 

expansion of the adipocyte precursor pool through proliferation followed by commitment and 

differentiation into mature adipocytes [12, 94]. The latter, which is also referred to as adipogenesis, 

results in the development of mature adipocyte characteristics that allow newly differentiated 

adipocytes to store and mobilize TGs, respond to insulin, and perform essential endocrine functions 

by secreting adipokines affecting whole-body energy homeostasis [12]. Commitment and 

differentiation along the adipogenic lineage are tightly controlled by the coordinated actions from 

transcription factors (TFs) which upon binding to regulatory DNA regions leads to the induction of 

an adipogenic gene program that drives the development of the adipocyte phenotype (Fig. 3) [95, 

96].  
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The molecular mechanisms underlying adipogenesis have been extensively studied and 

characterized in vitro by us and others [94, 97-100]. Pre-adipocytic cell line model systems, 

especially the 3T3-L1 pre-adipocyte fibroblast clonal cell line [101], and culturing of primary 

adipocyte precursor cells, have founded our understanding of the TF network driving adipogenesis 

[95, 96]. The process of adipocyte differentiation is characterized by transcriptional cascades 

involving early and late transcriptional regulators that ultimately leads to the establishment of the 

mature adipocyte phenotype [97]. Central to the regulation of adipogenesis is the nuclear hormone 

receptor peroxisome proliferator-activated receptor gamma (PPARγ) [100, 102]. PPARγ is 

considered the master regulator of adipogenesis as PPARγ-deficient adipocyte precursor cells fail to 

develop into mature adipocytes in vitro and in vivo [103]. Further, loss-of-function mutations in the 

gene encoding PPARγ have been linked to severe lipodystrophy, a disorder characterized by 

complete or partial loss of adipose tissues [104], thereby linking PPARγ activity to adipose tissue 

development as well [105]. The expression of PPARγ during adipogenesis is regulated by the 

sequential actions of CCAAT/enhancer-binding protein (C/EBP) family members [97]. C/EBPβ and 

C/EBPδ act as early transcriptional components that lead to the induction of late TFs, including 

C/EBPα and PPARγ, that in turn mutually reinforces the expression of each other (Fig. 3) [106]. Once 

PPARγ and C/EBPα are induced, they cooperate on the induction of adipocyte identity genes, 

thereby establishing the mature adipocyte phenotype [107]. We have recently shown that 

adipogenesis is accompanied by major remodeling of the chromatin landscape along with de novo 

establishment of pro-adipogenic enhancers that correlate with the expression of adipocyte-related 

genes [108-110]. We have moreover demonstrated that the activation of pro-adipogenic enhancers 

rely on promoter and enhancer interactions that become dynamically remodeled in response to 

adipogenic stimuli [110-112]. Thus, adipogenesis is a highly complex process that relies on genomic 

rewiring accompanied by the transcriptional induction of adipogenic regulators that collectively 

enable precursor cells to develop into fully differentiated adipocytes. 

 
The decreased capacity for increasing total adipocyte numbers in adults [19] has also been 

recapitulated in adult mice, supporting a hypothesis of limited adipose tissue expandability with 

aging [113]. The mechanisms underlying the decreased adipogenic potential in adulthood are not 

understood, but senescence of adipocyte precursor cells, resulting in growth arrest [114], has been 

proposed [115]. In addition, the constant rate of adipocyte formation in adulthood, irrespectively 
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of BMI, suggests that adipocyte birth is causally linked to adipocyte death [19, 113]. This suggests 

that increased adipocyte death may negatively regulate adipogenesis. Recently, platelet-derived 

growth factor receptor alpha (PDGFRα)-positive adipose tissue progenitors have been stratified into 

pro-adipogenic and pro-fibrotic populations based on CD9 antigen (CD9) expression [116]. 

Interestingly, the pro-fibrotic population (high expression of CD9) dominated proportion-wise in the 

obese setting at the expense of the pro-adipogenic population (low expression of CD9) which 

associated to insulin resistance and type 2 diabetes [116]. These findings provide further insight into 

the mechanisms by which adipogenic capacity is lost in the obese state. The progeny of the pro-

adipogenic and pro-fibrotic populations have not been determined, thus; the underlying signals that 

drive the imbalance between pro-adipogenic and pro-fibrotic fates still needs investigation. 

 Recent studies in rodents have shown that adipocytes can be formed de novo in response to 

high-fat feeding [113, 117-119]. Further, thiazolidinediones (TZDs), an anti-diabetic drug class, can 

stimulate PPARγ-induced hyperplastic growth of SAT which is associated with improved insulin 

sensitivity [120-122]. This demonstrates that adipogenesis can be induced in adulthood. Visceral 

adiposity usually correlates with insulin resistance [22]. However, recent research demonstrated 

that tenomodulin, a protein that is predominantly expressed in connective tissues, such as tendons 

and ligaments [123], can induce proliferation of adipocyte precursors along with hyperplastic 

expansion of VAT in mice which was associated with improved insulin sensitivity [124]. Thus, 

tenomodulin might favor adipocyte birth over adipocyte death, resulting in adipocyte hyperplasia. 

Adipocyte death is a hallmark of hypertrophic adipocytes [89]; hence, strategies aiming at 

replenishing dying adipocytes with newly formed adipocytes may allow for resolving obesity-

associated metabolic complications. 

 

Single-cell studies reveal novel heterogeneity of adipose tissue cells 
The advent in single-cell sequencing-based technologies, such as single-cell RNA-seq (scRNA-seq), 

where transcriptomes are obtained on the basis of individual cells, has greatly advanced our insight 

into molecular biology by revealing novel cell populations and cellular relationships in 

developmental processes [125]. Since the first next-generation sequencing-based single-cell 

transcriptome study in 2009 [126], the innovation of high-throughput droplet-based microfluidic 

systems, e.g., Drop-seq [127], InDrop [128], and Chromium from 10x Genomics [129], which allow 
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for profiling tens of thousands of cells simultaneously, has rapidly evolved the era of single-cell 

sequencing. This has further led to global initiatives such as the Human Cell Atlas that ambitiously 

aims at profiling every cell type in the human body [130].  

 
The existence of distinct subpopulations of adipocyte precursor cells in vivo is greatly documented 

and acknowledged; however, their functional diversity still remains poorly understood [131-134]. 

The association between de novo adipogenesis and improved metabolic health has led to long-

standing attempts towards understanding the nature of adipocyte precursor subpopulations in vivo. 

The mesenchymal stem cell (MSC) markers hematopoietic progenitor cell antigen CD34 (CD34), 

integrin beta-1 (ITGB1, also known as CD29), lymphocyte activation protein-6A (LY6A, also known 

as SCA-1), and PDGFRα have routinely been used for the enrichment of WAT precursors [131, 132, 

135, 136]. Cells that are positive for these canonical MSC markers have been found to reside in the 

interstitial and perivascular space and display high adipogenic propensities in vitro and in vivo [131, 

132]. In combination with the beforementioned surface markers, signal transducer CD24 (CD24) has 

additionally been used to stratify the WAT precursor pool according to adipogenic commitment 

where loss of CD24 expression has been associated with a phenotype of committed pre-adipocytes 

[136]. Lately, studies have indicated that adipocytes may also be derived from mural cells which 

reside adjacent to the endothelium and express platelet-derived growth factor receptor beta 

(PDGFRβ) [118]. Thus, WAT precursors can be isolated utilizing different enrichment strategies. 

Some of the markers that are used for enriching murine adipocyte precursor do not have human 

analogs, e.g., LY6A [137], which may complicate comparisons of WAT plasticity across species. It 

further remains unanswered whether the isolated adipocyte precursor populations truly are 

distinct, per se, or whether they represent different states within a precursor hierarchy which in 

turn may rely on the biological setting, such as gender, age, depot and intra-tissue location. 

Delineating the cellular heterogeneity of adipocyte precursors will extend our understanding 

towards how the adipose lineage is regulated in vivo.  

 The resolving power of scRNA-seq allows for assessing the transcriptional heterogeneity across 

cell populations and potentially circumvents the need for enriching specific cell populations. The 

more unbiased assessment of cell populations has led to a burst in single-cell studies, also within 

the adipose tissue field. These studies have initially focused on the stromal vascular fraction (SVF) 

of adipose tissues as adipocytes, which can become up to several hundreds of microns in diameter 
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[138], are incompatible with conventional droplet-based single-cell platforms. Recent 

developments in single-nucleus methods allow for the inclusion of adipocytes in single-cell studies. 

We recently applied single-nucleus RNA-seq (snRNA-seq) to whole epididymal WAT from male mice 

and demonstrated that the expected tissue composition could be reproduced [139]. Main findings 

and perspectives relating to our recent study will not be presented here but will be reserved for an 

in-depth discussion in Part I: Single-nucleus RNA-seq allows for dissection of in vivo adipogenesis.  

 The first studies that utilized single-cell technology to explore the cellular heterogeneity of 

adipocyte precursor cells were published in 2018 [140-142]. By applying scRNA-seq, these studies 

identified three to four subpopulations of adipocyte precursors from mouse WAT [140-142]. The 

identified subpopulations were marked by differences in the expression of stem cell and pre-

adipocyte markers which might reflect different states of adipocyte differentiation in vivo. In 

addition, distinct subpopulations exerting anti-adipogenic properties were characterized, namely 

fibro-inflammatory progenitors (FIPs) in visceral WAT [141] and adipogenesis-regulatory cells 

(Aregs) in subcutaneous WAT [142]. The presence of Aregs was moreover supported in murine 

visceral WAT and also in human WAT [142]. Even though FIPs and Aregs were characterized in 

visceral WAT and moreover share some functional similarities, their transcriptomic phenotypes 

differ significantly, suggesting that these populations are distinctly different [141]. Interestingly, the 

proportion of tissue resident FIPs and Aregs increases with obesogenic stimuli [141, 142]. Thus, it 

can be speculated whether the observed decline in adipogenic potential with obesity development 

may relate to a relative increase in the abundance of these regulatory cells. Later, a multipotent 

adipose tissue progenitor population was identified in human and mice WAT that could give rise to 

two different populations of adipocyte precursors that were poised to develop into mature 

adipocytes [143]. Intriguingly, the decreased capacity for adipogenesis in obese VAT correlated with 

a decrease in the multipotent progenitor pool, suggesting that the ability of the progenitors to self-

renew becomes exhausted in the obese state [143]. Although the etiology of impaired adipogenic 

competency in obesity has not been resolved, the balance between regulatory adipocyte precursor 

cells and multipotent progenitors may be central. Targeting approaches that allow for expanding 

the progenitor pool could be an important strategy for promoting healthy adipose tissue expansion 

in obesity.
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Aim and summary of results 
 
The overarching aim of this PhD study was to obtain an in-depth understanding of adipose tissue 

plasticity in response to diet-induced obesity at the level of the individual cell. Applying single-

nucleus RNA-seq (snRNA-seq), we were able to identify cell types that are expected to reside within 

the epididymal WAT of the mouse, subpopulations of each cell type, and reprogramming of the 

transcriptome in the obese state. Further, utilizing the cellular transcriptomes, we demonstrated 

that the process of in vivo adipogenesis could be reconstructed by mapping a developmental 

trajectory from pre-adipocytes to mature adipocytes. This work led to a shared co-first authorship 

in Cell Metabolism (Appendix I) [139] and an in-depth discussion of some of the main findings is 

presented in Part I: Single-nucleus RNA-seq allows for dissection of in vivo adipogenesis. 

 
Following the work that were published in Cell Metabolism (Appendix I) [139], we optimized our 

nuclei isolation protocol for single-nucleus genomics to make it applicable for single-mouse studies, 

where tissue amounts often can be limited. This work led to a first authorship in STAR Protocols and 

is enclosed as Appendix II. In Part II: An optimized protocol for whole adipose tissue profiling at 

single-nucleus resolution, I discuss the inherent challenges that are associated with profiling cells 

and tissues using snRNA-seq and demonstrate that the optimized protocol generates high-quality 

snRNA-seq data from human WAT as well.  

 
In addition to the data and discussions presented here, I have also contributed to three additional 

publications (see List of publications); however, these will not be discussed here. 
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Part I: Single-nucleus RNA-seq allows for dissection of in vivo adipogenesis. 
 
Summary 
In the study attached in Appendix I [139], we generated a comprehensive atlas of high-fat diet 

(HFD)-induced transcriptional changes across cell types and subpopulations in the epididymal WAT 

depot of male mice after 18 weeks of HFD feeding using snRNA-seq. This atlas recapitulated the 

expected tissue composition at the nuclear level and identified distinct subpopulations, including 

subpopulations of adipocytes and adipocyte precursor cells. We showed that the obese state is 

associated with both remodeling of the tissue composition and reprogramming of the 

transcriptome in multiple cell types. The two most notable findings relate to a general induction of 

an inflammatory state at the expense of cell identity genes across cell types in the obese state which 

further resulted in the loss of an adipocyte subpopulation characterized by high expression of genes 

relating to de novo lipogenesis. Moreover, we reconstructed a developmental trajectory of in vivo 

adipogenesis with pseudo-time-resolved transcriptional changes that pre-adipocytes undergo in 

order to develop into mature adipocytes. In this part, the main findings from the published work 

will be discussed in the context of adipogenesis which has been associated with improved metabolic 

health in obesity. Thus, insight into the regulation of adipogenesis is central for understanding how 

specific adipocyte precursor populations may be stimulated to differentiate in vivo. To expand the 

discussion, an extended trajectory analysis of in vivo adipogenesis is presented (unpublished), 

where the contribution from all of our identified progenitors to the process of adipogenesis in the 

epididymal WAT will be dissected and discussed. 

 

Results and discussion 
Applying snRNA-seq allowed us to profile the entire cellular complexity of WAT without the need 

for dissociating the tissue which has been associated with biases [144]; these will be discussed in 

Part II: An optimized protocol for whole adipose tissue profiling at single-nucleus resolution. We 

identified all major cell populations expected to reside in WAT [12, 56], including adipocytes, a 

cluster containing progenitors of adipogenic or fibroblastic origin, which we collectively termed 

fibro-adipogenic progenitors (FAPs), immune cells, including B cells, T cells, dendritic cells, and 

macrophages, endothelial cells, and mesothelial cells (Appendix I, Fig. 1F, 2A, and 2E). Following 18 

weeks of HFD-feeding, we further recapitulated the expected accumulation of macrophages in the 
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obese state [62, 145], which was dominated by a relative increase of the newly discovered 

subpopulation of crown-like forming adipose tissue macrophages termed LAMs (Appendix I, Fig. 1I, 

2D, and 2H) [66]. The increase of LAMs was accompanied by a significant decrease in the fraction of 

adipocytes (Appendix I, Fig. 1I). However, comparing tissue compositions across conditions in 

single-cell data may not be trivial [146]. Most single-cell studies sample a limited and fixed number 

of cells or nuclei, irrespectively of biological condition. Thus, each cell type represents a fraction of 

the total number of cells or nuclei that are sequenced, which in turn represents a fraction of the 

tissue. It is implied that each cell type fraction is proportional to the actual cell type count in situ; 

however, if the total number of cells change significantly, as a result of the underlying biology, equal 

cell type counts can result in different fractional contributions. Thus, it cannot be excluded that our 

estimated adipocyte fraction in obesity does not represent a decrease in the number of adipocytes 

in situ but occurs as a result of the significant increase of LAMs. 

 
The cells associated with the FAP classification were originally identified as muscle-resident 

multipotent MSCs with capacity to differentiate into fibroblasts and adipocytes both in vitro and in 

vivo [147, 148]. FAPs have further been shown to contribute to the development of intermuscular 

adipose tissue (IMAT) [149], thereby associating these progenitors to adipose tissues as well. In our 

dataset, FAPs express fibrosis markers, e.g., collagen types I and III, and previously reported 

adipocyte precursor markers, e.g., Pdgfra and Ly6a (Appendix I, Fig. 1G and S5B) [135, 136, 147, 

148]. As previously mentioned, multiple research groups have investigated adipocyte precursor cells 

in adipose tissues using scRNA-seq [140-143]. This has led to a diverse nomenclature of adipocyte 

precursors that makes it challenging to compare results across studies and research groups (Table 

2). Re-clustering of our FAP population revealed four distinct subpopulations, including pre-

adipocytes (FAP2), early committed pre-adipocytes (FAP1) and two subpopulations of fibroblast-like 

cells (FAP3-4) (Appendix I, Fig. 4A). In a comparative analysis, we showed that the gene signatures 

associated with our identified FAP subpopulations aligned with expression profiles relating to the 

previously identified adipocyte precursor subpopulations (Table 2 and Appendix I, Fig. 4D-G and 

S5D-G) [140-143]. Each study identified a subpopulation that associated with high capacity for 

adipogenesis; FAP2 in our study [139], the adipocyte stem cell 2 (ASC2) population from the 

Granneman Lab [140], the committed preadipocyte (CPA) population from the Gupta Lab [141], the 

P2 population in the study from Wolfrum and Deplancke [142], and intercellular adhesion molecule-
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1 (ICAM1)-positive cells from the Seale Lab [143]. These populations showed a high degree of 

transcriptional similarity (Appendix I, Fig. 4D-G and S5D-G), suggesting that initiatives aiming at 

standardizing the nomenclature of adipocyte precursors would be consolidating for the adipose 

tissue field. Cross-comparisons of single-cell studies from the research groups of Deplancke and 

Granneman also demonstrated a strong alignment of adipocyte precursors [133, 150]. Each of these 

studies further proposed different nomenclatures, emphasizing the need for the community to 

agree on a consensus nomenclature.  

Table 2 Cross-comparisons of adipcoyte precursors 
FAP subpopulation Study Population 

FAP1 

Burl et al. [142] ASC1 
Hepler et al. [143] APC 

Schwalie et al. [144] P3 (Aregs) 
Merrick et al. [145] Cd142+ 

FAP2 

Burl et al. [142] ASC1 
Hepler et al. [143] CPA 

Schwalie et al. [144] P2 
Merrick et al. [145] ICAM1+ 

FAP3 and FAP4 

Burl et al. [142] ASC2 
Hepler et al. [143] FIP 

Schwalie et al. [144] P1 
Merrick et al. [145] DPP4+ 

Abbreviations: APC, adipocyte precursor cell; ASC, adipocyte 
stem cell; Cd142, coagulation factor III; CPA, committed 
preadipocyte; DPP4, dipeptidyl peptidase-4; FAP, fibro-
adipogenic progenitor; FIP, fibro-inflammatory progenitor; 
ICAM1, intercellular adhesion molecule-1. 

 

Complex biological processes, such as cellular differentiation events, require cells to undergo 

dynamic shifts in their phenotypes in a coordinated manner, e.g., suppression of stem cell programs 

succeeded by the induction of gene signatures associated with a specialized cellular function [109]. 

Cells that are sampled from tissues are often not in synchrony, meaning that rare transitions 

between cellular states can be difficult to observe in bulk. Single-cell transcriptomics have alleviated 

these challenges as the transcriptomes from individual cells in various cellular states can be utilized 

in computational models that allow for inferring cellular trajectories of developmental processes 

from a heterogenic sample [151]. A basic principle for trajectory inference is that the temporal 

ordering of cells can be obtained by assuming that the underlying changes in the transcriptome that 

connects closely related states are relatively small and continuous [151, 152]. Thus, by ordering cells 

by transcriptome similarity, we assume that this represents a temporal axis, often referred to as 
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pseudo-time [153]. Utilizing the cellular resolved transcriptomes, we were able to reconstruct the 

process of in vivo adipogenesis, where we demonstrated a lineage hierarchy from FAP1 (early pre-

adipocyte state) towards FAP2 (late pre-adipocyte state) followed by adipocyte development 

(Appendix I, Fig. 6B and S7A). Based on RNA velocity, a computational tool that can predict the 

future transcriptional state of a cell by leveraging the ratio between nascent (intronic) and mature 

(exonic) transcripts [154], we showed that only FAP1 was predicted to transition into FAP2 

(Appendix I, Fig. 6A). However, we noticed that FAP3 also displayed transcriptional similarities with 

FAP2 (Appendix I, Fig. 4B-C), even though FAP3 was not predicted to transition into the more 

adipogenic FAP2 subpopulation (Appendix I, Fig. 6A). Work from the research group of Dr. Patrick 

Seale further showed that dipeptidyl peptidase-4 (DPP4)-expressing progenitors from developing 

inguinal WAT, which is similar to our identified FAP3 and FAP4 subpopulations (Table 2 and 

Appendix I, Fig. 4F and S5F), are multipotent and can contribute to the process of adipogenesis by 

giving rise to pre-adipocytes [143]. This indicates that FAP3 and FAP4 may be important contributors 

to the development of pre-adipocytes. 

 To explore if our identified FAP3 and FAP4 subpopulations in the epididymal WAT, representing  

fibroblast-like cells, may contribute to the process of adipogenesis, while delineating the underlying 

transcriptional reprogramming, I expanded our trajectory analysis of in vivo adipogenesis. In order 

to map all possible trajectories, all four FAP populations, along with our identified adipocyte 

populations, were included, instead of only FAP1 and FAP2. In addition, the data was analyzed in 3D 

space, instead of 2D space, using PHATE [155] to better capture the variability in the data. Using 

Slingshot [156] for trajectory inference, three lineages associated with differentiation from FAP to 

adipocyte (Lin1, Lin2, and Lin3) and two lineages associated with specialization/specification of 

mature adipocytes (Lin4 and Lin5) (Fig. 4A). All three adipogenic lineages were predicted to develop 

into late pre-adipocytes (FAP2) before progressing into mature adipocytes. Lin1, which is similar to 

the trajectory we described in our recent study (Appendix I, Fig. 6B and S7A), originates from early 

pre-adipocytes (FAP1), whereas Lin2 and Lin3 describes adipogenic routes originating from our 

defined fibroblast-like progenitor (FAP3 and FAP4). These findings suggest that FAP3 and FAP4 

populations indeed might have potential to contribute to the development of pre-adipocytes that 

are poised to develop into adipocytes. 
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Fig. 4 Delineated trajectories of adipogenesis in vivo in epididymal adipose tissue. A) Trajectories mapped in 3D across precursors 
(n=5,172) (FAP1, early pre-adipocytes; FAP2, late pre-adipocytes; FAP3 and FAP4, fibroblasts) and adipocytes (n=4,604) (LSA, lipid-
scavenging adipocytes; LGA, lipogenic adipocytes; SLSA, stressed lipid-scavenging adipocytes) using Slingshot [160]. Lin1-3 represent 
three trajectories of adipogenesis from FAP1, FAP4, and FAP3, respectively. Lin4-5 represent plastic development of LSA to LGA and 
SLSA, respectively. PHATE [155] was used for 3D embedding and Slingshot [156] was used for trajectory inference.  B) Heatmap 
showing mean-centered averaged smoothened expressions of genes relating to adipogenic trajectories displaying correlative 
expression patterns along pseudo-time in 100 bins (n=1,699). C) Heatmap showing mean-centered averaged smoothened expressions 
of genes relating to adipogenic trajectories displaying non-correlative expression patterns along pseudo-time in 100 bins (n=272). 
tradeSeq [157] was for differential gene expression analysis. 
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To compare the gene programs associated with each lineage leading to the development of 

adipocytes (Lin1-3) in the normal setting (low-fat diet (LFD)-fed mice), tradeSeq [157] was used to 

identify genes that were associated with each predicted lineage trajectory. To identify gene 

regulatory patterns across lineages, the expression profiles of the pseudo-time-regulated genes 

were subjected to a pairwise correlation analysis (Lin1 vs Lin2, Lin1 vs Lin3, and Lin2 vs Lin3) and 

subsequently clustered (see Method details). This revealed that 86% of the genes, regulated in any 

of the three trajectories, were regulated in a similar fashion in all trajectories (Fig. 4B), indicating 

that the adipogenic gene program is largely conserved across lineages. Expectedly, genes that were 
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highly expressed in early adipogenesis and downregulated as adipogenesis progressed encode 

various collagens (e.g., Col5a1, Col5a2, Col6a1, Col6a2, and Col6a3) and relate to the precursor state 

itself (e.g., Cd34, Pdgfra, and Pdgfrb) (Fig. 4B, upper cluster of genes). Proceeding the 

downregulation of early adipogenesis genes, well-established markers associated with the 

adipocyte phenotype were induced (Fig. 4B, lower cluster of genes). These genes relate closely to 

lipid synthesis (Acss2, Dgat1, Acacb, and Acsl1), lipid transport (Abca1 and Abcd2), and lipid 

mobilization (Lipe, Plin1, and Plin4). Although the overall pattern of adipogenic reprogramming of 

FAP1, FAP3 and FAP4 populations is strikingly similar, the early adipogenesis-regulated genes (Fig. 

4B, upper cluster of genes) seem to be higher expressed in the adipogenic trajectory relating to 

Lin2. Amongst the FAPs, FAP4 has the highest expression of canonical MSC markers, such as Cd34 

and Ly6a (Appendix I, Fig. S5B). Thus, FAP4 cells may represent the most stem cell-like 

subpopulation and therefore most likely require the most extensive transcriptomic remodeling, 

including repression of stem cell-like genes, while adopting to adipogenic cues. 

 Dissecting the expression patterns of genes that did not correlate across the adipogenic 

lineages relate to genes that display lineage-specific regulation early in adipogenesis (Fig. 4C). These 

lineage-regulated genes are prominently enriched for processes that relate to mitochondrial 

oxidative phosphorylation, including complex I genes (e.g., Ndufa1, Ndufa12, Ndufb4, Ndufb7, 

Ndufb9, Ndufs5, Ndufs6), complex II genes (e.g., Sdhb), complex IV genes (e.g., Cox14, Cox5b, and 

Cox7b), and complex V genes (e.g., Atp5a1, Atp5c1, and Atp5d) (Fig. 4C, middle cluster of genes). 

These genes are markedly expressed in the very beginning of adipogenesis in Lin2. The same trend 

is also observed in Lin1, which recapitulates our published findings, where we showed that genes 

relating to oxidative phosphorylation were enriched early in adipogenesis (Appendix I, Fig. 6E). This 

suggests that FAP1 and FAP4 cells may have high mitochondrial activity. Recently, the mitochondrial 

metabolism has been linked to the maintenance of pluripotency levels in vivo [158, 159]. Mouse 

embryonic stem cells (ESCs) displaying naïve stem cell characteristics, including full pluripotency and 

self-renewal capabilities, have highly active mitochondria, while mouse ESCs restricted towards 

specific germ layers have low mitochondrial activity [160]. Thus, the prominent repression of genes 

relating to mitochondrial respiration in Lin2 might indicate that FAP4 cells are transitioning from a 

more multipotent state towards a committed pre-adipocyte state. Lin3 seems not be associated 

with high expression of mitochondrial-related genes early in adipogenesis, which could indicate that 
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the mitochondrial metabolism of FAP3 cells is different. A small cluster containing Limch1, Dock4, 

and Smurf2, which have been associated with the suppression of tumorigenesis [161-163]; the 

process by which cells gain malignant properties and re-acquire stem cell-like traits, such as self-

renewal [164, 165], were highly expressed in the progenitor state of Lin2 and Lin3 (Fig. 4C, upper 

cluster of genes) and is in line with the apparent stem cell-like phenotype of FAP3 and FAP4 cells 

(Appendix I, Fig. 4B). These genes become rapidly downregulated in pseudo-time, demonstrating 

the suppression of stem cell-like signatures early in adipogenesis. Finally, a third cluster of genes 

that were highly and specifically expressed in the beginning of adipogenesis in Lin1 include 

basement membrane-associated collagen-encoding genes, e.g., Col4a1, Col4a2, and Col15a1 (Fig. 

4C, lower cluster of genes). These genes become temporally induced in Lin2 and Lin3 in the early 

phase of adipogenesis, indicating that development of adipocytes require remodeling of the 

basement membranes. To sum up, the transcriptomic reprogramming of adipocyte precursors 

leading to adipocyte development is largely conversed across the adipogenic trajectories mapped 

here (Fig. 4B). The predicted in silico adipogenic potentials of FAP3 and FAP4 are in line with work 

from Dr. Patrick Seale [143]; however, the lineage hierarchy between FAP3/4 and FAP1 cells is not 

identified here. This suggests that the hierarchical relation between adipocyte precursor cells may 

be depot-specific. 

 
Here, pseudo-time analysis of adipogenesis was only conducted for the non-obese condition. The 

adipogenic trajectories mapped from FAP3 and FAP4 populations (Fig. 4A) suggest that these 

populations have potential to contribute to pre-adipocyte development, at least under lean 

conditions. Whether development of obesity affects all of the mapped adipogenic trajectories 

presented here, or whether the adipogenic capacity of specific progenitor populations is affected, 

needs further investigation. In our recently published work, we showed that 18 weeks of HFD-

feeding leads to an increase in the fractional contribution from FAP2 cells at the expense of FAP3 

and FAP4 presence (Appendix I, Fig. 4I). This finding could suggest that the overall increase in the 

pre-adipocyte phenotype among the FAPs in the obese state may arise as a result of FAP3 and FAP4 

cells undergoing adipogenesis. Thus, it can be speculated that fibroblast populations in the adipose 

tissue may contribute to hyperplasia in obesity in vivo. 
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Conclusions and perspectives 
The recent advent in scRNA-seq technologies has accelerated the identification of various cell 

subpopulations. The cellular relations between subpopulations can be inferred from reconstructed 

trajectories of developmental processes, such as differentiation events. Inclusion of all of our 

identified FAPs in a trajectory analysis revealed three distinct lineages of in vivo adipogenesis, each 

originating from early pre-adipocytes (as published) or the two fibroblast-like subpopulations. 

Interestingly, the adipogenic gene program in the lean state seems to be largely conserved across 

lineages, suggesting that adipogenic signals are strong and ambiguously distributed across 

adipocyte precursors in the adipose tissue. Genes associated with mitochondrial respiration were 

highly enriched among lineage-regulated genes, suggesting that FAPs are metabolically distinct and 

that differences in mitochondrial activities may be used to discriminate between FAP 

subpopulations. The decreased fraction of fibroblast-like FAPs, along with decreased expression of 

anti-adipogenic genes in the obese state, supports that obesity increases adipogenesis, although, 

we cannot exclude that the decrease in FAP3 and FAP4 fractions in obesity could be overestimated 

by the increase in FAP2 cells. Several efforts have been made towards mapping adipocyte precursors 

at the single-cell level. However, such studies have so-far only been performed in the major adipose 

tissues. Constructing an adipose tissue atlas, representing all adipose tissues at the single-cell level, 

will demonstrate whether the process of adipogenesis and the underlying transcriptional 

mechanisms are universally conserved in both normal and obese conditions. Such an atlas will 

provide an important framework for future hypothesis-generating research in the field of adipose 

tissue plasticity. 
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Method details 
The method details included here relate to the extended bioinformatical analyses of in vivo 

adipogenesis (unpublished) presented in Part I. 

 

Extended trajectory analysis of adipogenesis 

Based on our published snRNA-seq data [139], nuclei from the FAP and adipocyte clusters were 

merged and subjected to a principal component analysis (PCA)-based decomposition using the top 

500 most varying genes with Seurat [166] while excluding genes that we previously detected as 

ambient (genes that are highly and frequently expressed in empty droplets). To remove dataset-

specific effects from the combined data, the resulting principal components (PCs) were corrected 

using Harmony [167] and further decomposed in 3D space using PHATE [155]. Slingshot [156] was 

used for trajectory and pseudo-time inference on PHATE coordinates in 3D, with the lipid-

scavenging adipocyte (LSA) subpopulation set as the reference subcluster.  

 

Pseudo-time-resolved gene expression analysis 

tradeSeq [157] was used for identifying genes that were differentially regulated along pseudo-time 

across the mapped adipogenic lineages and for obtaining smoothened mean-centered expressions 

(averaged across 100 bins). Genes expressed in less than 10% of the nuclei, as well as ambient genes, 

were excluded from the pseudo-time analysis. Genes that were significantly changed (FDR≤0.05 

and a minimum fold change of 0.25) along pseudo-time in at least one lineage or condition were 

kept for further analysis.  

 

Defining adipogenesis-conserved and lineage-regulated genes in LFD 

Spearman correlation coefficients were calculated for the kept genes in pseudo-time across lineages 

in a pairwise manner for LFD only (Lin1 correlated with Lin2, Lin1 correlated with Lin3, and Lin2 

correlated with Lin3) and clustered (not shown here). Genes displaying a high correlative expression 

pattern were defined as genes conserved in adipogenesis and genes that did not correlate in 

pseudo-time were defined as lineage-regulated genes. Adipogenesis-conserved and lineage-

regulated genes were plotted as mean-centered averaged smoothened expressions in pseudo-time 

for each adipogenic lineage in separate heatmaps. 
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Part II: An optimized protocol for whole adipose tissue profiling at single-
nucleus resolution 
 
Summary 
In Appendix II, we present a published protocol that allows for the isolation of intact nuclei from 

various sources of WAT that are suitable for snRNA-seq studies [168]. Adipocytes are incompatible 

with conventional droplet-based single-cell platforms, thereby restricting single-cell mapping of 

adipose tissues to cells of the stromal vascular fraction (SVF). To overcome adipocyte-related 

limitations, single-nucleus technologies can be utilized, which thereby enable profiling of all adipose 

tissue cells at the single-cell level. The protocol included in Appendix II was initially optimized 

towards transcriptomic profiling of all adipose tissue cells from fat depots of individual mice, where 

tissue amounts often can be limited. The optimized protocol is generally applicable to both freshly 

isolated and snap-frozen adipose tissues obtained from lean and with minor adjustments also to 

obese animals. In this part, snRNA-seq data from human omental WAT will be presented to 

exemplify that the published protocol generates data of high quality from humans as well. I further 

discuss the challenges that are associated with single-cell and single-nucleus methods and the 

impact of tissue dissociative and nuclei isolation protocols on the cellular outcome in single-cell 

genomics data. 

 
Results and discussion 
scRNA-seq provides measures of gene expression at the level of the individual cell and may uncover 

molecular signatures in subpopulations of cells that are otherwise hidden in conventional bulk RNA-

seq studies where expression profiles are averaged across cells [125, 169]. Single-cell studies require 

tissue dissociation to release individual cells from their native tissue environment. Releasing cells 

from tissues is commonly achieved using warm enzymatic digestion; however, this process has been 

linked to dissociation-induced artifacts at the transcriptomic level as genes belonging to immediate-

early genes (e.g., Jun and Fos) and heat shock proteins (e.g., Hspa1a) may become induced in a non-

uniform manner [144, 170, 171]. Such artefacts may lead to spurious cell type classifications and 

biases in the cell type composition. Cold enzymatic digestion may partly rescue some of these biases 

by better preserving abundant cell types [144], demonstrating that the cellular composition 

estimated from scRNA-seq data sets can be biased towards specific tissue dissociation protocols. 
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 Recently, snRNA-seq arose as an alternative method to scRNA-seq, where the nuclear 

transcriptome from individual cells is sequenced. Generally, snRNA-seq allows for profiling cell 

populations at a sensitivity that is similar to scRNA-seq [172-175]; however, some immune cell 

populations (e.g., B and T cells) might be underrepresented in some snRNA-seq data sets [144]. In 

contrast to scRNA-seq, snRNA-seq can be applied to frozen and solid samples, allowing researches 

to study clinical tissues that are archived [176, 177]. Nuclei isolation do usually not require 

dissociation of tissues, thereby reducing potential tissue dissociative artifacts and cell type biases. 

On the other hand, incomplete nuclei isolation or excessive handling of nuclei can lead to nuclei loss 

and hence biases in the cellular composition. Thus, the cellular proportions might be biased 

differently in both methods. This demonstrates the importance of externally validating single-cell 

findings with orthogonal approaches, such as immunofluorescence microscopy of cellular 

populations. A major challenge with droplet-based snRNA-seq methods is the contamination with 

ambient RNA that originates from transcripts being encapsulated into droplets in parallel with nuclei 

[144, 178]. If not properly controlled for during analysis, clustering and cell type annotations might 

be biased. In our published snRNA-seq data on adipose tissue plasticity in obesity, we defined 

ambient RNA as transcripts that are highly and frequently expressed in non-nuclei containing 

droplets [139]. If not excluded from integrative analyses, we observed that ambient RNA can drive 

sample-specific clusters (Appendix I, Fig. S2A). Thus, identification of cytoplasmic-contaminated 

transcripts and droplets is important for avoiding misclassification of cell types. 

 
Applying single-cell methods to the adipose tissue is notoriously challenging in several aspects, 

which initially led to the profiling of SVF cells only [140-143]. Adipocytes from WAT store lipids in 

unilocular lipid droplets that occupies almost all the adipocyte volume, leaving only a small amount 

of cytoplasm space [57, 179]. The high lipid content makes adipocytes prone to breakage during 

cellular isolation procedures [180], which may lead to loss of adipocyte populations, especially of 

larger adipocytes. In addition, as adipocytes can become extremely large (up to roughly 300 microns 

in diameter in humans [138]), these cells are incompatible with conventional droplet-based single-

cell platforms, where the cell-size is theoretically restricted to the width of the microfluidic channels 

(e.g., 50-60 microns for the Chromium platform from 10x Genomics [181]). This restricts single-cell 

mapping using droplet-based technologies of adipose tissues to cells of the SVF, thereby omitting 
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profiling of adipocytes. In the context of these drawbacks, snRNA-seq is an attractive alternative 

that allow for adipose tissue profiling at the single-cell level. 

 
Single-cell studies using frozen biomaterial that is difficult, or even impossible, to re-collect, such as 

clinical biopsies from humans, rely on the ability to isolate intact nuclei efficiently. Many nuclei 

isolation procedures rely on detergent-based lysis of cells in combination with mechanic force (e.g., 

Dounce homogenization) to release nuclei [182, 183]. However, the amount of detergent is critical 

for the effective retrieval of nuclei displaying an intact morphology. Too little detergent may cause 

only partial rupture of cell membranes, leading to a low nuclei recovery, whereas on the other hand, 

a high concentration of detergent might lead to ruptured nuclear membranes, which in turn may 

lead to leakage of nuclear transcripts, resulting in increased ambient RNA contamination. Thus, 

adjusting the amount of detergent is paramount to the quality of snRNA-seq data.  

 To validate that our published protocol (Appendix II) [168] is generally applicable, also across 

species, we applied our optimized protocol to human omental adipose tissue and evaluated the 

quality of the obtained snRNA-seq library (see Method details). We identified cell types that are 

expected to reside in human VAT [12, 56, 73], including lymphatic endothelial cells (LECs), smooth 

muscle cells (SMCs), immune cells (T cells and macrophages), endothelial cells, adipocytes, 

mesothelial cells, and FAPs (Fig. 5A). Each cluster of nuclei was annotated towards a specific cell 

type based on the combinatorial expression of well-established cell type marker genes (Fig. 5B). In 

contrast to scRNA-seq, snRNA-seq data should in theory not contain any mitochondrial-encoded 

transcripts as the cytoplasmic content is stripped away during nuclei isolation. Hence, the fraction 

of reads mapping to the mitochondrial genome serves as a measure of cytoplasmic remnants in 

snRNA-seq data [178]. Evaluating the percentage of counts originating from mitochondrial-encoded 

genes in each nuclei-containing droplet showed a low enrichment (median=0.53% per nucleus) (Fig. 

5C, left), which demonstrates that our published protocol generates snRNA-seq data with low extra-

nuclear contamination. Another commonly used quality control metric is the sum of genes with non-

zero counts. Droplets containing a small number of genes do most likely not reflect the 

transcriptional diversity of cells and can thus be considered as low-quality droplets. The observed 

gene count distribution across nuclei-containing droplets (median=1,595 genes per nucleus) is 

comparable to gene numbers relating to other snRNA-seq studies [175, 184], demonstrating that 

our published protocol yields nuclei with high quality metrics. In conclusion, our recently published 
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Fig. 5 Optimized nucleus isolation protocol generates high-quality snRNA-seq data from human adipose tissue. A) 
Clusters of cell types in omental white adipose tissue (WAT) embedded in uniform manifold approximation and projection 
(UMAP) space using Seurat [166]. Each dot represents a nucleus-containing droplet (total number of adipose tissue 
nuclei-containing droplets = 4,247). B) Dot plot showing the relative expression (mean centered and scaled) of cell type 
marker genes. Circle sizes indicate the percentage of nucleus-containing droplets expressing a gene within clusters from 
A). C) Violin plots of mitochondrial content (left) and number of genes (right) per nucleus-containing droplet. Boxplots 
indicate the median along with standard statistical summaries. Additional abbreviations: FAP, fibro-adipogenic 
progenitor; LEC, lymphatic endothelial cell; no, number; pct, percent; QC, quality control; SMC, smooth muscle cell. 

protocol on nuclei isolation from adipose tissues importantly allows for generating high-quality 

snRNA-seq data from human adipose tissue as well, which will form the basis for future studies 

exploring the cellular plasticity of adipose tissues in obesity.  
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Conclusions and perspectives 
Single-nucleus methods allow for genome-wide and cellular resolved profiling of tissues and cells 

when single-cell approaches cannot be applied. Each technology may be associated with different 

cell type-specific biases; however, single-nucleus methods do not rely on tissue digestion and might 

therefore be associated with less dissociation-induced stress biases. The choice between methods 

may depend on biological questions and sample availability. Tissues that are difficult to dissociate, 

such as adipose tissue, will benefit from single-nucleus approaches. However, the exclusion of 

transcriptomic information from the cytoplasm of snRNA-seq methods may lead to loss of biological 

insight. Albeit these differences, single-cell and single-nucleus methods should collectively allow for 

studying every tissue at the single-cell level. Our optimized protocol allows for generating high-

quality snRNA-seq data from snap-frozen human adipose tissue. This importantly allows for studying 

the cellular populations of the adipose tissue while it adapts to the metabolic changes that are 

associated with obesity development or regression.  
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Method details 
The method details included here relate to the human snRNA-seq data presented in Part II. 

 

Isolation of nuclei from human VAT and snRNA-seq 

Omental adipose tissue biopsies were obtained from obese individuals (BMI >35) undergoing 

bariatric surgery and snap-frozen. Nuclei isolation was performed according to our published 

protocol (Appendix II) [168] with the following adjustments: Two consecutive rounds of nuclei 

isolation were performed using 200 mg of snap-frozen omental adipose tissue in each round (400 

mg in total). For Dounce homogenization, 10 strokes with each pestle (loose and tight) were applied. 

12,000 nuclei were subjected to the 10x Genomics workflow (v3.1) followed by sequencing on an 

Illumina NovaSeq 6000 according to our published protocol and the manufacturer’s instructions. 

 

Preprocessing and analysis of snRNA-seq data 

STARsolo [185] was used for mapping of sequencing reads to the human genome (Hg38) and gene 

count quantification across exons and introns. Only protein-encoding genes and genes with 

transcript support level 1 were kept. Empty droplets were removed from subsequent analyses using 

emptyDrops [186]. Droplets containing low-quality nuclei were excluded by removing droplets with 

a high mitochondrial content (threshold >5%), a low number of genes (threshold ≤500 counts), and 

a low number of unique molecular identifiers (UMIs) (threshold ≤1000 counts). Scater [187] was 

used to remove any outlying droplets in PCA space based on the mitochondrial content, transcript 

count, and UMI count. Downstream processing and clustering were performed using Seurat [166]. 

The top 1,000 most variable genes were detected, from which ambient genes were excluded. 

Ambient RNA was detected as previously described [139]. The resulting highly variable genes were 

decomposed by PCA and the resulting PCs were used as input for (uniform manifold approximation 

and projection) UMAP embedding. Clustering was performed using Louvain clustering in Seurat 

[166] on UMAP coordinates. 
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SUMMARY
Adipose tissues display a remarkable ability to adapt to the dietary status. Here, we have applied single-nu-
cleus RNA-seq tomap the plasticity of mouse epididymal white adipose tissue at single-nucleus resolution in
response to high-fat-diet-induced obesity. The single-nucleus approach allowed us to recover all major cell
types and to reveal distinct transcriptional stages along the entire adipogenic trajectory from preadipocyte
commitment to mature adipocytes. We demonstrate the existence of different adipocyte subpopulations
and show that obesity leads to disappearance of the lipogenic subpopulation and increased abundance of
the stressed lipid-scavenging subpopulation. Moreover, obesity is associated with major changes in the
abundance and gene expression of other cell populations, including a dramatic increase in lipid-handling
genes in macrophages at the expense of macrophage-specific genes. The data provide a powerful resource
for future hypothesis-driven investigations of themechanisms of adipocyte differentiation and adipose tissue
plasticity.
INTRODUCTION

White adipose tissue (WAT) is a highly plastic organ with a

remarkable ability to adapt to the metabolic conditions of the or-

ganism. During times of high caloric intake, WAT expands to

store metabolic energy as lipids, and during times of low-calorie

intake, WAT releases the stored fatty acids to support the meta-

bolic needs of other tissues (Rosen and Spiegelman, 2014).

Continued intake of surplus metabolic energy may lead to

obesity, involving both an increase in the size of adipocytes (hy-

pertrophy) as well as an increase in de novo differentiation of

adipocyte progenitor cells (hyperplasia) (Vishvanath and Gupta,

2019). In addition, obesity leads to compositional and phenotyp-

ical changes of other cell types in WAT (Sun et al., 2011). Impor-

tantly, there is mounting evidence that these obesity-induced

alterations ofWAT function constitute a key driver in the develop-

ment of obesity comorbidities, such as type II diabetes and car-

diovascular diseases (Guilherme et al., 2008; Kahn et al., 2019).

Thus, detailed insight into the changes in individual cell types in

WAT during the development of obesity is important for under-

standing the cellular and molecular mechanisms driving WAT

plasticity and the associated comorbidities.
Cell M
Single-cell RNA sequencing (scRNA-seq) technologies have

greatly advanced the understanding of the cellular complexity

and plasticity of many different tissues (Zheng et al., 2017; Zie-

genhain et al., 2017). However, the characterization of WAT at

single-cell resolution is lacking, as the large lipid-filled adipo-

cytes are incompatible with conventional single-cell ap-

proaches. Instead, several recent studies have investigated the

transcriptome of the stromal-vascular population from WAT in

mice (Burl et al., 2018; Cho et al., 2019; Tabula Muris Consortium

et al., 2018; Gu et al., 2019; Hepler et al., 2018; Jaitin et al., 2019;

Merrick et al., 2019; Schwalie et al., 2018; Spallanzani et al.,

2019; Weinstock et al., 2019; Zhang et al., 2019) and humans

(Acosta et al., 2017; Jaitin et al., 2019; Merrick et al., 2019; Raa-

jendiran et al., 2019; Vijay et al., 2020). Others have focused on

isolated brown adipocytes (Song et al., 2020) or isolated adipo-

cytes from mouse inguinal WAT undergoing browning (Rajbhan-

dari et al., 2019); however, so far, studies investigating the entire

repertoire of adipose cell types at once have been missing.

WAT associated with the epididymis (eWAT) in male mice con-

stitutes one of the most obesity-responsive tissues in mice. In

response to obesity, eWAT expands dramatically and this is

accompanied by marked de novo adipogenesis (Jeffery et al.,
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2015; Joe et al., 2009; Wang et al., 2013) as well as increased im-

mune cell infiltrations, especially macrophages forming crown-

like structures around dysfunctional adipocytes (Fischer et al.,

2018; Kumar et al., 2019; Murano et al., 2008; van Beek et al.,

2015; Zamarron et al., 2017). Here, we employed single-nucleus

RNA-sequencing (snRNA-seq) to obtain cell-type-resolved

insight into the transcriptional reprogramming and tissue remod-

eling of mouse eWAT by high-fat-diet-induced obesity.

RESULTS

Single-Nucleus RNA-Seq Uncovers All Major Cell Types
in Epididymal Adipose Tissue
To generate a comprehensive atlas of all cell types in eWAT at

single-nucleus resolution and their plasticity in response to

diet-induced obesity, we performed snRNA-seq on eWAT from

two independent cohorts of male C57BL/6JBomTac mice fed

either low-fat diet (LFD) or high-fat diet (HFD) for 18 weeks (Fig-

ure 1A). For each condition, we pooled eWAT from 3mice prior to

snRNA-seq, and the four datasets were integrated for further an-

alyses. In addition, we generated a secondary eWAT dataset

from one mouse fed LFD and one mouse fed HFD for 22 weeks.

This dataset was not used for hypothesis generation but was

embedded on top of the primary dataset and used to indepen-

dently validate the observed gene expression and compositional

patterns, as well as to demonstrate that the observed cell types

and subpopulations coexist in eWAT of a single mouse (Fig-

ure S1A). As expected, HFD feeding induced increased body

weight (Figures 1B and S1B) and decreased glucose tolerance

compared with the LFD-fed control mice (Figures 1C and S1C).

Furthermore, HFD led to a massive expansion of eWAT and

the size of individual adipocytes in eWAT (Figures 1D, 1E, S1D,

and S1E).

After rigorous quality filtering of the snRNA-seq data (Figures

S1F–S1H), we sought to combine the four primary datasets. To

that end, we initially removed genes under high ambient load

(see STAR Methods; Table S1) and subsequently integrated

the datasets. This approach significantly reduced the batch ef-

fects (Figures S2A and S2B). However, since the ambient genes

may still represent valuable marker genes, they were only

removed when embedding or clustering the data and not from

subsequent analyses, such as differential expression analysis.

In the integrated atlas, we detected 7 distinct clusters, and

based on differential gene expression and pathway analyses (Ta-

ble S2), five of these were annotated as adipocytes, fibro-adipo-

genic progenitors (FAPs), immune cells, endothelial cells, and

mesothelial cells, respectively. Thus, importantly, we recovered

nuclei from all major cell types reported to be present in WAT (Lu

et al., 2019). The remaining two clusters contain nuclei of epidid-

ymal origin; one containing spermatozoa-derived nuclei and one

containing a mixture of principal, clear, and basal nuclei (Figures

1F, 1G, and S2C–S2E). The contamination with epididymal

nuclei is expected given that eWAT is associated with the head

and tail of the epididymis (Caesar et al., 2010); however,

snRNA-seq allows us to clearly distinguish and discard these

nuclei from further analysis. Contamination with other cell types

from the epididymis cannot be excluded. However, based on the

low number of epididymal nuclei in our datasets and the obser-

vation that the epididymal cells constitute approximately 80% of
438 Cell Metabolism 33, 437–453, February 2, 2021
the epididymis (Rinaldi et al., 2020), it is clear that the contamina-

tion with non-epididymal cells from the epididymis is negligible.

Comparison of the composition of eWAT in the lean and obese

states shows a marked increase in the relative number of im-

mune cells (Figures 1H, 1I, S2F, and S2G), consistent with

numerous previous reports (Asghar and Sheikh, 2017; Cancello

et al., 2006; Jaitin et al., 2019; Weisberg et al., 2003). In addition,

we observed a decrease in the relative number of adipocytes,

some of which can be explained by the large relative increase

in immune cells. Importantly, it has recently been reported that

both snRNA-seq and scRNA-seq can display biases against

certain, but different, cell types (Denisenko et al., 2020). Thus,

we cannot exclude, or control for, technology-mediated biases

in our data, but the high replicability suggests that our composi-

tional estimates are not affected by technical biases. Taken

together, we show that by applying snRNA-seq, we consistently

recover the entire cellular complexity of eWAT.

Obesity Leads to Major Changes in Macrophage
Subpopulations in Epididymal Adipose Tissue
Re-clustering of the immune cell-derived nuclei (n = 8,355) re-

sulted in 9 distinct subpopulations (Figures 2A and S3A). We per-

formed differential expression and pathway analysis (Table S3)

and annotated 6 subpopulations as macrophages (expressing

e.g., Adgre1, Lyz2, and Ccl6), while the remaining 3 subpopula-

tions were annotated as dendritic cells (expressing e.g., Cd244a

and Cd209a), T cells (expressing e.g., Skap1 and Themis), and B

cells (expressing e.g., Ms4a1, Cd79a, and Cd79b) (Figure 2B).

Enrichment analysis of the top 50 most specific marker genes

for each subpopulation showed that they are enriched in the sub-

population to approximately the same level in both replicates

(Figures 2C and S3B), demonstrating that the marker genes

are highly specific and conserved between replicates. However,

interestingly, some weaker patterns also emerged, such as

enrichment of macrophage subpopulation 2 markers in macro-

phage subpopulation 5, suggesting that these subpopulations

are related. Comparison of the composition of immune cell sub-

populations in the lean and obese states showed a marked in-

crease in the relative number of macrophages in obesity (Figures

2D and S3C), consistent with previous reports based on bulk

RNA-seq, immunostaining (Asghar and Sheikh, 2017; Weisberg

et al., 2003), and flow cytometry (Jaitin et al., 2019).

To annotate the macrophage subpopulations, we initially sub-

jected them to classification analysis using MacSpectrum (Li

et al., 2019), which is based on classical M1 and M2 polarized

macrophages. Consistent with recent studies (Hill et al., 2018;

Jaitin et al., 2019; Xu et al., 2013), we did not find strong evidence

that any of our major subpopulations represent classically acti-

vated macrophages (Figure S3D). Next, we compared their

expression profiles to various recent macrophage classifications

based on scRNA-seq data. Subpopulations 1 and 3 are highly

similar to the Lyve1hi (cluster 1) and Lyve1lo (cluster 3) macro-

phages (Figure S3E), which have been found to occupy the peri-

vascular and non-perivascular space, respectively, in a number

of different tissues, including the WAT (Chakarov et al., 2019).

Therefore, we denoted these subpopulations perivascular-like

macrophages (PVM) and non-perivascular-like macrophages

(NPVM), respectively. Subpopulations 2 and 5 are very similar

to the previously reported lipid-associated macrophages (LAM)
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Figure 1. snRNA-Seq of Lean and Obese Epididymal Adipose Tissue

(A) Outline of the workflow. We performed snRNA-seq on nuclei from pools of eWAT from 3 lean (18 weeks LFD) or 3 obese (18 weeks HFD) mice (n = 2). Empty

droplets were detected and droplets with less than 10 UMIs were used for detection of ambient genes (see STAR Methods). Putative nuclei-containing droplets

were filtered by a number of detected transcripts, UMI counts, andmitochondrial content. Finally, iterative clustering was used to remove clusters containing high

doublet scores or a low number of detected genes.

(B) Average weight gain at the indicated time points relative to the start of diet intervention for lean (n = 6) or obese (n = 6) mice.

(C) Average blood glucose levels at the indicated time points following intraperitoneal injection of a single glucose bolus (2 g/kg) in lean (n = 3) or obese (n = 3)mice

after 16 weeks of diet-intervention.

(D) Average tissue weights of eWAT isolated from lean (n = 6) or obese (n = 6) mice after 18 weeks of diet intervention. Weights were normalized to the average

tissue weight of the lean group.

(E) Representative sections of trichrome stained eWAT from lean and obese mice (scale bars, 100 mm).

(F) UMAP of eWAT cell types. The embedding is based on the 1,000 most variable genes and the first 15 harmonized principal components. Clustering was

performed on the UMAP embedding.

(G) Heatmap showing scaled average expression of selected cell-type-enriched marker genes in each biological replicate (E1 and E2).

(H) UMAPs of eWAT cell types in lean and obese mice.

(I) The average fraction (relative to the total number of nuclei) of each cell type in lean and obese mice.

(B–D) and (I): Error bars represent SEM. * p % 0.05 (Student’s t test).
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Figure 2. Obesity Remodels the Immune Cell Composition in Epididymal Adipose Tissue

(A) UMAP of immune subpopulations. The embedding is based on the 1,000 most variable genes and the first 16 harmonized principal components. Clustering

was performed on the UMAP embedding.

(B) Heatmap showing scaled fractional expression (number of nuclei with more than 0 counts relative to the total number of nuclei) of immune marker genes in

each subpopulation in each biological replicate (E1 and E2).

(C) Heatmap showing average scaled gene module scores for the top 50 most enriched marker genes in each subpopulation in E1 and E2.

(D) The average fraction (relative to the total number of nuclei) of each subpopulation in lean and obese mice.

(E) UMAP of macrophages.

(legend continued on next page)
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(Figure S3F), which have been reported to emerge during HFD

feeding and to be involved in the clearance of dead adipocytes

and lipids (Hill et al., 2018; Jaitin et al., 2019; Weinstock et al.,

2019; Xu et al., 2013). These subpopulations were separated

by the expression of genes involved in cellular proliferation,

and therefore, we denoted these as LAM and proliferative LAM

(P-LAM), respectively. Finally, the minor subpopulations 4 and

6 did not show a strong association with previous classifications.

Instead, we annotated these subpopulations as collagen-ex-

pressing macrophages (CEM) and regulatory macrophages

(RM) based on marker gene expression (Figures 2E, 2F, S3G,

and S3H). CEMs express collagens, such as Col3a1 and

Col5a2, indicating a role in extracellular matrix deposition and

tissue remodeling; whereas RMs express secreted ligands,

known to modulate adipocyte function (e.g., Prg4) (Nahon

et al., 2019).

Comparison of the composition of macrophage subpopula-

tions in the lean and obese states showed a significant increase

in the relative number of LAMs, from being almost non-existent

to being themost abundant subpopulation, aswell as a significant

increase in P-LAMs and significant decreases in NPVMs and

PVMs (Figures 2G, 2H, S3I, and S3J). Since NPVMs and PVMs

are present in high abundance in both the lean and the obese

state, we asked if these are also transcriptionally reprogrammed.

Interestingly, we found that obesity leads to a marked increase in

the expression of genes involved in lipid handling (e.g.,Pparg, Lpl,

and Dpep2) in both PVMs and NPVMs, while subpopulation-spe-

cific genes (e.g., Lyn andCcr1-2 for NPVMs andCsfr1 andCd163

for PVMs) and genes involved in fatty acid synthesis (e.g., Insr,

Fasn, and Acaca) are downregulated (Figures 2I and S3K). Inter-

estingly, the genes induced in both PVMs and NPVMs overlap

significantly more with LAM markers than randomized control

genes (Figure S3L). Thus, overall HFD-induced obesity leads to

a decrease in the expression of canonical and subpopulation-

specific macrophage identity genes and an increase in the

expression of genes involved in lipid storage in both PVM and

NPVM subpopulations, which suggests that PVMs and NPVMs

are reprogrammed toward a LAM-like signature during obesity.

A well-known hallmark of obesity is the dramatic increase in

adipose tissue-resident macrophages and an associated

change in the cytokine profile, which have been shown to play

an important role in adipose tissue inflammation and remodeling

as well as the development of obesity comorbidities (Guilherme

et al., 2008). Therefore, we investigated how HFD-induced

obesity affects overall cytokine expression in macrophages.

Interestingly, we identified chemokine (C-C motif) ligand 8

(Ccl8) (also known as Mcp2), osteopontin (also known as

Spp1), and progranulin (Grn) as the most highly upregulated cy-

tokines in macrophages in obesity (Figure 2J). Ccl8 has previ-

ously been reported to be upregulated in WAT from morbidly

obese humans and to correlate with expression of macrophage
(F) Heatmap showing scaled average expression of macrophage subpopulation

(G) UMAPs of macrophages in lean and obese mice.

(H) The average fraction (relative to the total number of macrophage nuclei) of ea

(I) Heatmap showing scaled average expression of genes regulated in obesity in

(J) Expression of genes encoding cytokines (GO:0005125) inmacrophages. Them

the maximum mean log expression in either lean or obese mice.

(D and H) Error bars represent SEM. * p % 0.05 (Student’s t test).
markers (Huber et al., 2008), while Spp1 and Grn have been re-

ported to be upregulated in macrophages in obesity and play an

important role in macrophage proliferation, survival, and pro-in-

flammatory response (Kiefer et al., 2008; Matsubara et al., 2012;

Tardelli et al., 2016).

Taken together, our results are consistent with previous re-

sults reporting that macrophages are the major immune cells in

eWAT, and that HFD-induced obesity leads to a dramatic in-

crease in the number of LAMs and P-LAMs at the expense of

NPVMs and PVMs. Additionally, we observe a general pheno-

typic switch of the PVM and NPVM toward a more lipid-handling

phenotype, suggesting that NPVMs and PVMs adopt a LAM-like

signature.

Obesity Triggers an Inflammatory State in the
Mesothelial and Endothelial Cell Populations
Re-clustering of the mesothelial and endothelial-derived nuclei

(n = 790) separated them into 5 distinct subpopulations (Figures

3A and S4A). Based on differential gene expression and pathway

analysis (Table S4), we annotated the subpopulations as vascular

endothelial cells (VEC) (expressing e.g., Vegfc, Vcam1, and Vwf),

lymphatic endothelial cells (LEC) (expressing e.g., Lepr, Ccl21a,

and Lyve1), endothelial progenitor cells (EPC) (expressing e.g.,

Cdh5, Kdr, and Flt1), mesothelial cells (MC) (expressing e.g.,

Msln), and proinflammatory mesothelial cells (IMC) (expressing

e.g., Ccr2) (Figure 3B). Enrichment analysis of the top 50 most

specific marker genes for each subpopulation showed that they

are enriched in the subpopulations to approximately the same

level in both replicates (Figures 3C and S4B), highlighting that

themarker genes are highly specific and conserved between rep-

licates. Furthermore, weaker patterns indicate that the endothe-

lial subpopulations are more similar to each other than to the

mesothelial subpopulations. Compositional analysis revealed a

minor decrease in the relative number ofMCand a corresponding

increase in the relative number of IMC in response to obesity,

while the proportions of the endothelial subpopulations are un-

changed (Figures 3D, 3E, S4C, and S4D).

Similar to macrophages, endothelial and MC can be a source

of a number of cytokines. Therefore, we investigated how HFD-

induced obesity affects overall cytokine expression in this

compartment. Interestingly, 9 of the 12 highly expressed cyto-

kines are induced by diet-induced obesity in the mesothelial

and endothelial subpopulations (Figure 3F), indicating that

HFD-induced obesity prompts an inflammatory state of the

mesothelial and endothelial subpopulation, which could

contribute to the general inflammatory state in eWAT in obesity.

Obesity Leads to an Increase in the Preadipocyte
Subpopulation
The FAPs constitute a large and diverse group of cells consisting

of stem cells, preadipocytes, and fibroblasts. Re-clustering of
marker genes in each subpopulation in E1 and E2.

ch subpopulation in lean and obese mice.

PVMs and NPVMs in E1 and E2.

ean log fold changes (obese versus lean) across E1 and E2were plotted against
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Figure 3. Obesity Increases the Inflammatory Profile of Mesothelial and Endothelial Cells in Epididymal Adipose Tissue

(A) UMAP of mesothelial and endothelial subpopulations. The embedding is based on the 1,000 most variable genes and the first 12 harmonized principal

components. Clustering was performed on the UMAP embedding.

(B) Heatmap showing scaled average expression of mesothelial and endothelial marker genes in each subpopulation in each biological replicate (E1 and E2).

(C) Heatmap showing average scaled gene module scores for the top 50 most enriched expressed marker genes in each subpopulation in E1 and E2.

(D) UMAPs of mesothelial and endothelial subpopulations in lean and obese mice.

(E) The average fraction (relative to the total number of mesothelial and endothelial nuclei) of each subpopulation in lean and obese mice.

(F) Expression of genes encoding cytokines (GO:0005125) in mesothelial and endothelial cells. The mean log fold changes (obese versus lean) across E1 and E2

were plotted against the maximum mean log expression in either lean or obese mice.

(E) Error bars represent SEM. * p % 0.05 (Student’s t test).
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the FAPs (n = 5,172) separated these into four distinct subpopu-

lations (Figures 4A and S5A), which we initially characterized us-

ing differential gene expression and pathway analysis (Table S5).

FAP2 expresses the highest levels of mature adipocyte marker

genes, such as Pparg and Lpl (Figure 4B), and high levels of pre-

viously reported preadipocyte marker genes, such as Ly6a,

Pdgfra, and Pdgfrb (Figure S5B), indicating that FAP2 represents

bona fide preadipocytes. Enrichment analysis of the top 50 most

specific marker genes for each subpopulation showed that they

are enriched in the subpopulations to approximately the same

level in both replicates (Figures 4C and S5C), highlighting that

the marker genes are highly specific and conserved between

replicates. At the same time, a weaker checkerboard-type

pattern also emerges, indicating that each FAP subpopulation

is more similar to conjoined subpopulations compared with dis-

joined subpopulations in the UMAP space.

Importantly, despite the many biological and technical differ-

ences between our study and previous scRNA-seq studies of

the FAPs, the expression profiles of FAPs from this study reveal
442 Cell Metabolism 33, 437–453, February 2, 2021
clear overlaps with previously identified FAP subpopulations.

Compared to the adipocyte stem cell 1 (ASC1) and 2 (ASC2) sub-

populations defined by Granneman and colleagues (Burl et al.,

2018), FAP1 has very strong transcriptional similarity, while

FAP2 displays a more modest similarity to the ASC1 gene pro-

gram (Figures 4D and S5D). In contrast, FAP3 has a very strong

similarity, and FAP4 a more modest similarity to the ASC2

expression program. Compared to the adipocyte progenitors

(APC), the committed preadipocytes (CPA) and fibro-inflamma-

tory progenitors (FIP) defined by Gupta and colleagues (Hepler

et al., 2018), FAP1 is primarily similar to APC, FAP2 represent a

mixture of APC and CPA, and FAP3 and FAP4 are similar to

FIP (Figures 4E and S5E). Compared to the DPP4+, ICAM1+,

and CD142+ cells defined by Seale and colleagues (Merrick

et al., 2019), FAP1 is primarily similar to CD142+, FAP2 to

ICAM1+, and both FAP3 and FAP4 are similar to DPP4+ (Figures

4F and S5F). Finally, compared with the P1, P2, and P3 subpop-

ulations defined by Wolfrum and DePlancke (Schwalie et al.,

2018), FAP1 is similar to P3, FAP2 to P2, and both FAP3 (to a
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Figure 4. Fibro-Adipogenic Progenitors Are Shifted Toward a Preadipocyte Phenotype in Obesity

(A) UMAP of FAP subpopulations. The embedding is based on the 2,000 most variable genes and the first 20 harmonized principal components. Clustering was

performed on the UMAP embedding.

(B) Heatmap showing scaled average expression of FAP subpopulation marker genes for each subpopulation in each biological replicate (E1 and E2).

(C) Heatmap showing average scaled gene module scores for the top 50 most enriched marker genes in each subpopulation in E1 and E2.

(D) Overlap between our identified FAP subpopulations and subpopulations of FAPs defined in Overlap between our identified FAP subpopulations and sub-

populations of FAPs defined in (Burl et al., 2018). For each of the indicated studies, a list of significantly enriched marker genes for each of their identified FAP

(legend continued on next page)
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lower extent) and FAP4 are similar to P1 (Figures 4G and S5G).

Taken together, this shows that the identified subpopulations

of FAPs are highly similar between studies, although they are

clustered slightly differently.

Interestingly, a comparison of the lean and obese states re-

vealed that HFD-induced obesity leads to a significant increase

in the relative number of FAP2, while the relative number of FAP3

and FAP4 is significantly decreased (Figures 4H, 4I, S5H, and

S5I). This indicates that obesity may be driving FAPs toward a

more adipogenic phenotype. To investigate the transcriptional

changes in response to obesity, we performed cluster analysis

on the 596 genes that are significantly differentially expressed

in at least one FAP subpopulation between the lean and obese

states. Interestingly, one of the largest clusters is a set of genes

related to cytokine and cathepsin production that is upregulated

across all subpopulations of FAPs in HFD-induced obesity (Fig-

ures 4J and S5J), suggesting that FAP signaling is altered in

obesity. Furthermore, in FAP1 and FAP2, there is significant up-

regulation of different types of collagens in response to obesity.

A similar induction of extracellular matrix proteins in the FAPs

has been observed in previous studies, indicating that macro-

phage-induced inflammation stimulates a profibrotic phenotype

of preadipocytes and fibroblasts (Keophiphath et al., 2009).

Interestingly, several factors previously reported to act as inhib-

itors of adipogenesis are downregulated in FAP1, including Ar

(Huang et al., 2013), Sox9 (Wang and Sul, 2009), and Pdgfra

(Haider et al., 2018; Sun et al., 2017), indicating that obesity re-

leases a set of brakes on adipogenesis. Another interesting

observation is that genes involved in de novo lipogenesis, such

as Fasn and Acaca, are downregulated by HFD-induced obesity

in FAP2, whereas general adipocyte markers, such as Pparg,

Lpl, and Fabp4, are unaffected (Table S5), suggesting that

obesity affects the phenotype of emerging adipocytes.

Taken together, we identified four populations of FAPs, which

show similarity to previously identified populations of FAPs in

mouse subcutaneous and visceral WAT. HFD-induced obesity

leads to a significant increase in the fraction of preadipocytes

as well as downregulation of genes involved in de novo lipogen-

esis in these cells.

Epididymal Adipose Tissue Contains Distinct
Subpopulations of Adipocytes
Adipocytes constitute the third-largest population of nuclei (n =

4,604) (Figure 1F), and re-clustering separated these into three

distinct subpopulations (Figures 5A and S6A), all of which ex-

press significantly higher levels of classical adipocyte markers,

such as Plin1-4, Pparg, and Lep, compared with the remaining

nuclei (Figures 5B and S6B). We annotated the subpopulations
subpopulations was downloaded. Gene module scores in our FAPs were calcula

was assigned to a previously identified subpopulation according to themodule sco

according to previously defined FAP subpopulations. Right panels: The fraction

ulation from previous studies. E) Overlap between the identified FAP subpopulat

2019). Analyzed and visualized as in D. G) Overlap between our identified FAP su

Analyzed and visualized as in D.

(H) UMAPs of FAP subpopulations in lean and obese mice.

(I) The average fraction (relative to the total number of FAP nuclei) of each subpo

(J) Heatmap showing scaled average expression of genes regulated by obesity i

(I) Error bars represent SEM. * p % 0.05 (Student’s t test).
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based on differential gene expression and pathway analysis (Ta-

ble S6). One of the subpopulations was annotated as lipogenic

adipocytes (LGA), since they express high levels of genes related

to lipid biosynthesis, insulin response, and adipocyte-specific

transcription factors (e.g., Acaca, Elovl6, Igf2r, and Pparg), indi-

cating that they are insulin-sensitive adipocytes with a high ca-

pacity for de novo lipogenesis. The remaining two subpopula-

tions were annotated as lipid-scavenging adipocytes (LSA) and

stressed lipid-scavenging adipocytes (SLSA), respectively.

Adipocyte nuclei from these subpopulations are characterized

by high expression of genes related to lipid uptake and transport

(e.g.,Abcg1,Apoe, andCd36), indicating that the primary source

of lipids for these two subpopulations may be uptake rather than

de novo lipogenesis. In addition, SLSAs are also characterized

by high expression of genes involved in stress responses (e.g.,

Gadd45g), hypoxia (e.g.,Hif1a), and autophagy (e.g., Rab7) (Fig-

ure 5C). Enrichment analysis of the top 50 most specific marker

genes for each subpopulation showed that they are enriched in

the subpopulations to a similar level in both replicates (Figures

5D and S6C), highlighting that the marker genes are highly spe-

cific and conserved between replicates. The absence of enrich-

ment of markers between subpopulations indicates that the

most specific marker genes are selectively expressed in only

one subpopulation. Interestingly, a comparison of the lean and

obese states revealed that HFD-induced obesity shifts the ratio

of adipocyte subpopulations from an LGA phenotype toward a

significant enrichment of SLSAs (Figures 5E, 5F, S6D, and S6E).

To validate the presence of different adipocyte subpopula-

tions in vivo, we isolated adipocytes from lean and obese mice

and applied immunofluorescence microscopy to quantify the

relative abundance of ATP citrate lyase (ACLY) and Neuronatin

(NNAT), which we identified as markers of the LGA and LSA sub-

populations, respectively (Figure 5G). Immunofluorescence mi-

croscopy was used to quantify the relative abundance of these

markers in isolated adipocytes. This revealed substantial varia-

tion in the level of themarker proteins (Figure S6F), whichwe vali-

datedwas not due to spurious or background staining using both

unstained and secondary antibody controls (Figure S6G).

Consistent with snRNA-seq, adipocytes from obesemice gener-

ally have a high relative fluorescent signal for NNAT, whereas the

signal for ACLY is low. Conversely, adipocytes from lean mice

display a relatively high fluorescent signal for ACLY and a rela-

tively low signal for NNAT (Figure 5H). Based on the relative fluo-

rescent signals, we detected three subpopulations of adipocytes

one characterized by a strong NNAT and a low ACLY signal (cor-

responding to LSAs), one with a strong ACLY and low NNAT

signal (corresponding to LGAs), and one with low to undetect-

able levels of both NNAT and ACLY (corresponding to SLSAs)
ted for each set of downloaded markers and scaled. Each FAP subpopulation

re it most strongly associatedwith. Left panels: UMAPs of FAP nuclei assigned

of nuclei in each of the FAP subpopulation assigned to the indicated subpop-

ions and subpopulations of FAPs defined in (Hepler et al., 2018)(Merrick et al.,

bpopulations and subpopulations of FAPs defined in (Schwalie et al., 2018) G.

pulation in lean and obese mice.

n FAP subpopulations in E1 and E2.
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Figure 5. Adipocyte Subpopulations in Epididymal Adipose Tissue Are Changed by Obesity

(A) UMAP of adipocyte subpopulations. The embedding is based on the 5,000most variable genes and the first 10 harmonized principal components (PCs), which

were also used for clustering.

(B) Heatmap showing scaled average expression of a selected set of adipocyte markers across adipocyte subpopulations and in all non-adipocytes in each

biological replicate (E1 and E2).

(C) Heatmap showing average scaled expression of adipocyte subpopulation markers in each subpopulation in E1 and E2.

(legend continued on next page)
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(Figures 5I and S6H). Importantly, not only could we detect the

three subpopulations of adipocytes, we also observed a change

in adipocyte subpopulation composition in obesity which was

similar to the change detected by snRNA-seq (Figure 5J). Inter-

estingly, genes enriched in SLSAs, such as Lep and Palld, have

previously been positively associated with adipocyte size (Guo

et al., 2004; Heinonen et al., 2014; Jernås et al., 2006), suggest-

ing that SLSAs may represent hypertrophic adipocytes. We

therefore leveraged our immunofluorescence images to estimate

the volume of the adipocytes, and interestingly, the average vol-

ume of SLSAs is larger than that of the other subpopulations and

significantly increased in the obese state (Figure 5K). Thus, these

results indicate that the SLSAs represent stressed hypertrophic

adipocytes.

To obtain insight into the timing of changes in the relative con-

tributions of adipocyte subpopulations in response to HFD-in-

duced obesity, we performed deconvolution analysis of publicly

available microarray data from eWAT isolated from mice fed

either a normal diet or HFD for 2, 4, 8, 20, or 24 weeks (Kwon

et al., 2012). Interestingly, the inferred relative number of LGA

is dramatically decreased, while that of SLSA is increased be-

tween 8 and 20 weeks of HFD (Figure S6I). Thus, these data indi-

cate that the major change in adipocyte subpopulations occurs

between 8 to 20 weeks of HFD feeding, coinciding with the re-

modeling of the macrophage compartment, which has been re-

ported to occur between 5 to 12weeks of HFD (Jaitin et al., 2019;

Kintscher et al., 2008). Collectively, this suggests that the major

changes in adipocyte subpopulations occur conjunct with the re-

modeling of the macrophage compartment. To investigate the

relevance of these findings for human WAT, we also performed

a deconvolution analysis of publicly available bulk RNA-seq

data from lean and obese human visceral WAT (Del Cornò

et al., 2019). Interestingly, we find similar, but less pronounced,

trends as in mice (Figure S6J). However, stronger evidence to

support this observation awaits snRNA-seq analyses of hu-

man WAT.

Since LSAs and SLSAs are present in both the lean and obese

states, we asked whether HFD-induced obesity, in addition to

increasing the abundance of these subpopulations, also affects

their transcriptional program. Interestingly, we detected a total of

988 genes that are differentially expressed in HFD compared
(D) Heatmap showing average scaled gene module scores for the top 50 most e

(E) UMAPs of adipocyte subpopulations in lean and obese mice.

(F) The average fraction (relative to the total number of adipocyte nuclei) of each

(G) Expression of Nnat (LSA marker, in red) and Acly (LGA marker, in blue) in adi

(H) Scaled corrected total cellular fluorescence (CTCF) for NNAT and ACLY in adi

5) mice.

(I) Representative immunofluorescence images of the LGA, LSA, and SLSA subpo

ACLY (right) (scale bars, 100 mm). Left: adipocytes imaged in bright field merged

(J) The average fraction (relative to the total number of adipocytes) of each subpo

n = 5) or obese (22 weeks HFD, n = 5) mice. Subpopulations were defined based o

LGA (n = 534): scaled ACLY > scaled NNAT and strong ACLY. LSA (n = 506): sca

weak ACLY. For both ACLY and NNAT, the threshold for the strong signal was defi

Cells belonging to no group (n = 6) were removed.

(K) The estimated volume of adipocyte subpopulations (inferred as in J) in lean o

adipocytes are spheres.

(L) Heatmap showing scaled average expression of genes regulated by obesity i

(M) Expression of a selected set of genes encoding adipokines in adipocytes. Th

against the maximum mean log expression in either lean or obese mice.

(F, J, and K) Error bars represent SEM. * p % 0.05 (Student’s t test).
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with LFD in the LSA and SLSA subpopulations. The genes

repressed during obesity in the LSA and the SLSA subpopula-

tions include genes related to mature adipocyte function, such

as lipid biosynthesis (e.g., Lpl and Plin1), insulin response (e.g.,

Insr and Irs1), and fat cell differentiation (e.g., Pparg and

Nr3c1), whereas genes induced during obesity are related to im-

mune response (e.g., C1qa-b and Mif) and extracellular matrix

remodeling/collagen deposition (e.g., Col1a1-2, Col5a, and

Col6a1-2) (Figures 5L and S6K). This indicates that obesity leads

to a general decrease of the adipocyte gene program and an in-

crease in stress kinase signaling and immune responses in both

the LSA and SLSA subpopulations. Finally, we asked whether

the expression of adipokines changes with obesity. Interestingly

and consistent with the literature (Cranford et al., 2016; Flier

et al., 1987; Ma et al., 2004; Ouchi et al., 2011; Way et al.,

2001), the expression of Ccl2 and Serpine1 is increased,

whereas the expression of adipocyte-selective Cfd and Retn is

downregulated in obese adipocytes (Figure 5M).

Taken together, we identify three different subpopulations of

adipocytes in eWAT and show that HFD-induced obesity leads

to an almost complete disappearance of the LGA subpopulation

and an increase in the number of LSAs and SLSAs as well as an

upregulation of the immunoregulatory and extracellular matrix

gene programs in these adipocytes.

The In Vivo Adipogenic Trajectory Displays Hallmarks of
In Vitro Differentiation
Since our snRNA-seq approach simultaneously profiles both

mature adipocytes and FAPs, we hypothesized that we could

trace adipogenesis in vivo by mapping a developmental trajec-

tory between FAPs and adipocytes. Our data indicate that

FAP2 are bona fide preadipocytes (Figure 4B) and enrichment

analysis of marker genes indicates that FAP1 and FAP3 are

transcriptionally most similar to FAP2 (Figure 4C). Furthermore,

previous reports (Gao et al., 2018; Shao et al., 2018; Tang et al.,

2008) have suggested that in eWAT, adipocytes are mainly

derived from Pdgfrb+ progenitors, which is most strongly ex-

pressed in FAP1 and FAP2 (Figure S5B). Collectively, this indi-

cates that FAP1 represents an early preadipocyte state that can

be induced to undergo adipogenesis transitioning into a late

preadipocyte state in FAP2. To explore this hypothesis, we
nriched marker genes for each subpopulation in E1 and E2.

subpopulation in lean and obese mice.

pocytes.

pocytes isolated from lean (22 weeks LFD, n = 5) or obese (22 weeks HFD, n =

pulations identified by immunofluorescence co-stained for NNAT (center) and

with Hoechst signal.

pulation identified by immunofluorescence microscopy in lean (22 weeks LFD,

n the signal above the background and the relative signal for NNAT and ACLY.

led NNAT > scaled ACLY and strong NNAT. SLSA (n = 209): Weak NNAT and

ned as the 70% quantile of cells with the highest signal above the background.

r obese mice. The volume was calculated from the area in 2D, assuming the

n LSA and SLSA subpopulations.

e mean log fold changes (obese versus lean) across E1 and E2 were plotted
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Figure 6. Reconstruction of Adipogenesis In Vivo

(A) RNA velocity analysis of FAPs. The velocities were layered on top of the FAP subpopulations in UMAP space (Figure 4A).

(B) PHATE embedding and re-classification of FAP and adipocyte nuclei assigned to the differentiation path of the trajectory analysis (Figure S7A). Nuclei were re-

classified into the indicated states based on PHATE coordinates.

(C) Histogram showing the number of nuclei along the differentiation path of the trajectory.

(legend continued on next page)
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applied RNA velocity analysis (La Manno et al., 2018), which re-

vealed that FAP1 is predicted to transition toward FAP2, while

neither FAP3 nor 4 are predicted to transition toward either

FAP1 or 2 (Figure 6A). Therefore, we used FAP1 and 2 to map

a trajectory to the mature adipocytes using the potential of

heat-diffusion for affinity-based trajectory embedding (PHATE)

and computed elastic principal graphs on the new embed-

dings. This identified a branched trajectory connecting the

FAPs and the adipocytes with one branch representing adipo-

genesis and two branches representing specification of the

mature adipocytes into distinct subpopulations (Figure S7A).

We focused on the adipogenesis branch and used the PHATE

space to separate the nuclei into early preadipocytes (mostly

FAP1), late preadipocytes (mostly FAP2), transitioning cells,

and adipocytes (Figure 6B). Since the FAPs and adipocytes

are only connected by a few nuclei, we employed several

different pseudo-time inference methods to validate the adipo-

genic trajectory. We found that the ordering of nuclei along the

adipogenic trajectory is highly reproducible in all five tested

complementary methods (Figure S7B). Interestingly, although

there are nuclei distributed along the entire adipogenic trajec-

tory, there is a low number of transitioning cells (connecting

the two cell types) and a build-up of nuclei just before the switch

from FAPs to adipocytes, irrespective of the pseudo-time infer-

ence methods (Figures 6C and S7C–S7E). However impor-

tantly, the transitioning cells, although scarce, are likely to

actively be undergoing differentiation, as each cell expresses

markers of adipocytes as well as FAPs (Figure 6D). Thus, the

data indicate that a meta-stable preadipocyte state exists, a

checkpoint, which requires one or more inducers to pass, but

once passed, the cells rapidly transition toward mature

adipocytes.

To further explore this trajectory, we identified genes (n =

1,259) that are significantly differentially expressed across the

trajectory in the lean state in both replicates (Table S7) and sepa-

rated them into four groups based on their temporal expression

patterns (Figure 6E). Genes highly expressed in early differentia-

tion are enriched for genes encoding cytoplasmic ribosomal pro-

teins and oxidative phosphorylation, while genes highly ex-

pressed in late differentiation are enriched for genes encoding

proteins involved in adipogenesis and fatty acid biosynthesis.

Interestingly, genes highly expressed during differentiation are

enriched for genes encoding proteins involved in epidermal

growth factor (EGF) receptor signaling, suggesting that this

pathway might play an important role in the early differentiation

of preadipocytes (Figure 6F). Interestingly, EGF signaling has

previously been implicated in preadipocyte proliferation,

whereas its role in adipogenesis is controversial (Adachi et al.,
(D) Boxplots showing scaled gene module scores for the top 50 most enriched m

(Figure 6B).

(E) Heatmap showing average scaled expressions of genes regulated along pseu

(F) Barplot showing the significance levels of the top 3 most significantly enriche

(G) Heatmap showing average scaled expressions of transcriptional regulators diff

(H) Heatmap showing average scaled expressions of transcriptional regulators d

jectory (in B) in lean and obese mice. The adipogenesis panel indicates the prev

(red, inhibitory; green, activating).

(I) Expression of receptors (in early preadipocytes) and ligands (in the indicated ce

The lines between heatmaps indicate receptor-ligand interactions.

(C) Error bars represent SEM.
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1994; Nie et al., 2015; Rogers et al., 2012; Serrero and Mills,

1991). Among the differentially expressed genes, we identified

77 transcriptional regulators, highlighting the complexity of the

transcriptional reprogramming associated with adipogenesis.

The temporal expression of these shows a clear progression

from stem cell transcription factors to adipogenic transcription

factors (Figure 6G) sharing several hallmarks of adipogenic tran-

scriptional waves reported in vitro, including repression of Klf2

and Rora and induction of Zfp423 and Pparg (Cristancho and

Lazar, 2011; Lee et al., 2019; Siersbæk et al., 2012). HFD-

induced obesity affected the temporal expression patterns of

29 of the 77 transcriptional regulators. These were separated

into four groups based on their temporal expression and the ef-

fect of obesity with the largest group consisting of transcriptional

regulators highly expressed in early differentiation in lean mice

but significantly less in obese mice (Figure 6H). Interestingly,

many of the transcriptional regulators in this group have been re-

ported to inhibit in vitro adipogenesis e.g., the transcriptional

repressor Meis1 (Gulyaeva et al., 2018), Rora (Ohoka et al.,

2009), and Id3 (Moldes et al., 1997). The reduction in the expres-

sion of anti-adipogenic stem cell transcription factors suggests

that HFD-induced obesity leads to the release of brakes on adi-

pogenesis, which may contribute to the apparent increase in de

novo adipogenesis during HFD-induced obesity (Shao

et al., 2018).

Finally, to explore how cellular crosstalk may contribute to adi-

pogenesis, we investigated how the different cell types intrinsic

to eWAT signal through secreted ligands to classical receptors

on early preadipocytes. We identified 21 putative receptor-

ligand interactions involving 18 receptors highly expressed in

early preadipocytes and 17 ligands highly expressed in at least

one of the major cell types in eWAT (Figure 6I). The top three

most highly expressed ligands in eWAT are Bmp6, Igf1, and

Pdgfd. Igf1 is expressed at the highest level in adipocytes, but

the expression does not change significantly in obesity. It has

been reported to promote adipogenesis (Hu et al., 2015), indi-

cating that a positive feedback loop between mature adipocytes

and preadipocyte differentiation exists. Bmp6 and Pdgfd are

most highly expressed in endothelial cells. Interestingly, previous

reports have indicated that adipogenesis is initiated either in the

perivascular space (Tang et al., 2008; Vishvanath et al., 2016) or

reticular interstitium (Merrick et al., 2019), both of which are lined

by endothelial cells. Thus, in either of these adipogenic niches,

BMP6 and PDGFd secreted by endothelial cells may play an

important role in regulating the differentiation of adipocyte

progenitors.

Taken together, these analyses show that snRNA-seq from

eWAT allows us to identify a developmental trajectory that
arker genes for FAPs (left) or adipocytes (right) in each re-classified subgroup

do-time across the trajectory (in B) in lean mice.

d pathways in each gene group (in E).

erentially expressed along pseudo-time across the trajectory (in B) in leanmice.

ifferentially expressed between diets and along pseudo-time across the tra-

iously published impact of the indicated transcription factors on adipogenesis

ll types) in lean and obese mice for all strongly expressed receptor-ligand pairs.
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describes in vivo commitment and differentiation along the

adipocyte lineage.

DISCUSSION

Here, we applied snRNA-seq to characterize the transcriptome

of eWAT from lean and obese mice at single-nucleus resolution.

This allowed us to generate a comprehensive cellular atlas of

eWAT, delineate in vivo developmental trajectories, and deter-

mine the plasticity of individual cell types and subpopulations

in response to HFD-induced obesity.

We show that the adipocytes cluster into three distinct sub-

populations, which we denote as lipogenic, lipid-scavenging,

and stressed lipid-scavenging. HFD-induced obesity leads to a

major shift from lipogenic to lipid-scavenging and stressed adi-

pocytes and to a general downregulation of genes related to

adipocyte function, in particular, lipogenic genes. These

changes in adipocyte subpopulations and gene expression

may underlie the decrease in lipogenic capacity previously re-

ported in obese rodents as well as humans (Eissing et al.,

2013; Guilherme et al., 2017; Kursawe et al., 2013; Richardson

and Czech, 1979). Interestingly, the observation that FAP2 prea-

dipocytes specifically decrease their expression of genes

involved in de novo lipogenesis in response to HFD-induced

obesity indicates that obesity may change the programing of ad-

ipocytes toward lipid-scavenging also at the preadipocyte stage.

The demonstration of cellular heterogeneity between cells of

the same cell type in this and other single-cell studies challenges

the concept of ‘‘cell type’’ (Cembrowski and Spruston, 2019;

Trapnell, 2015). Here, we have chosen to refer to distinct ‘‘cell

types,’’ when clusters of cells are clearly separate and known

to have distinct functions and developmental trajectories (e.g.,

macrophages and T cells), whereas we refer to ‘‘subpopula-

tions,’’ when clusters are less clearly separated, and cells are

likely to represent different states of the same cell type with

similar developmental trajectories (e.g., subpopulations of mac-

rophages). We consider it likely that the different adipocyte sub-

populations represent different phenotypic states resulting from

adipocyte plasticity in response to environmental cues. Indeed,

our trajectory analysis (Figure S7A) supports this, as we find

that adipogenesis leads to the formation of LSA-type adipo-

cytes, which are then specified toward each of the other adipo-

cyte states. Thus, we suggest that the disappearance of the LGA

subpopulation in obesity is a result of adipocyte plasticity rather

than elimination of LGAs by apoptosis or necrosis.

Overall, the observed changes in the immune cell population in

response to HFD-induced obesity in this study are consistent

with a recent comprehensive study focusing on the characteriza-

tion of the immune cell populations in mouse eWAT during the

development of HFD-induced obesity by scRNA-seq (Jaitin

et al., 2019). In line with this study, we show that the core effect

of HFD-induced obesity on the immune cell population is a major

transcriptional and compositional shift toward lipid-handling

macrophages at the expense of classical macrophage gene pro-

grams. From our work, we cannot distinguish between the ef-

fects of the diet and effects of obesity; however, the Amit and El-

inav laboratories showed that changes in the immune cell

population in eWAT in response to HFD are similar to those

seen in eWAT of genetically obese db/db mice (Jaitin et al.,
2019). This indicates the changes observed in our study are

driven by obesity rather than by the HFD per se. Notably, we

also identified a marked increase in a subpopulation of the

LAMs that expresses proliferative markers, indicating that

obesity induces proliferation of the LAMs. Consistent with this,

obesity has been shown to induce proliferation of the WAT mac-

rophages involved in crown-like structures (Amano et al., 2014;

Waqas et al., 2017; Zheng et al., 2016).

Interestingly, while the eWAT macrophages undergo a

compositional and transcriptional shift toward lipid-handling,

most other cell types including adipocytes, FAPs, mesothelial

and endothelial cells upregulate inflammatory gene programs

at the expense of cell type or subpopulation selective gene pro-

grams. These results indicate that inflammation in obese eWAT

is not local phenomena near e.g. crown-like structures but is

affecting the tissue more broadly.

The FAPs cluster into four different subpopulations, where

FAP2 represents late preadipocytes expressing several adipo-

cyte marker genes, whereas FAP1 represents early preadipo-

cytes that express adipocyte marker genes to a very low level.

FAP3 and FAP4 represent fibroblasts that do not appear to

contribute to the adipogenic lineage based on velocity analysis.

However, stem cells are characterized by strong transcriptional

programs driving self-renewal, and in RNA velocity analysis,

these stem cell transcriptional programs may mask adipogenic

programs driving a few fibroblasts toward preadipocytes.

Thus, we cannot exclude that FAP3 or FAP4 may also contribute

to adipogenesis. This would explain the general decrease in the

FAP3 and FAP4 subpopulations in obesity and would be consis-

tent with the finding that DPP4+ FAPs from subcutaneous WAT,

which resemble FAP3 and FAP4 in our study, are interstitial pro-

liferative multipotent progenitors (Merrick et al., 2019). Interest-

ingly, in response to HFD-induced obesity, we observed an in-

crease in FAP2 preadipocytes and a significant downregulation

in the expression of anti-adipogenic transcription factors as

well as anti-adipogenic signaling molecules in FAP1, indicating

that HFD-induced obesity releases several brakes on adipogen-

esis leading to an increase in the commitment of progenitors to

the adipocyte lineage.

An important implication of the ability to recover nuclei from all

cell types in WAT is that we can now map an in vivo adipogenic

trajectory in eWAT from preadipocyte commitment to fully

mature adipocytes. Our results indicate that the late preadipo-

cyte state constitutes a meta-stable state, which upon triggering

signals rapidly transitions into amature adipocyte stage. Consis-

tent with this, we recently reported a similar rapid and complete

transition from the preadipocyte to the adipocyte stage in single-

cell analyses of differentiating human mesenchymal stem cells

(Rauch et al., 2019). It is tempting to speculate that the main

trigger is the increase in PPARg activity above a certain

threshold; however, this will need to be addressed in future

studies.

In conclusion, we provide a comprehensive atlas of eWAT

plasticity at single-nucleus resolution in response to HFD-

induced obesity. This atlas reveals major changes in the cellular

composition of the tissue as well as gene expression of all major

cell populations in response to diet-induced obesity, and we

show that the data can be used to reconstruct the in vivo adipo-

genic trajectory and infer crosstalk between cell types. Thus,
Cell Metabolism 33, 437–453, February 2, 2021 449
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these data provide a powerful resource for future hypothesis-

driven investigations of the mechanisms of WAT plasticity as

well as in vivo adipocyte differentiation.

Limitations of Study
The transcriptome and fractional contribution of cells as well as

the response to HFD-induced obesity reported here for eWAT

may differ between different strains and ages of mice. Further-

more, since we chose to focus on one-time point in this study,

future studies will be required to determine the time course by

which the obesity-induced changes develop. Finally, the adipo-

genic trajectory described in this work may differ between de-

pots and genders, and future studies are required to carefully

outline and validate the trajectories in different adipose tissues.
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Mélius, J., Cirillo, E., Coort, S.L., Digles, D., et al. (2018).WikiPathways: amulti-

faceted pathway database bridging metabolomics to other omics research.

Nucleic Acids Res. 46, D661–D667.

Song, A., Dai, W., Jang, M.J., Medrano, L., Li, Z., Zhao, H., Shao, M., Tan, J.,

Li, A., Ning, T., et al. (2020). Low- and high-thermogenic brown adipocyte sub-

populations coexist in murine adipose tissue. J. Clin. Invest. 130, 247–257.

http://refhub.elsevier.com/S1550-4131(20)30659-8/sref50
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref50
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref50
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref50
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref50
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref51
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref51
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref51
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref51
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref51
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref52
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref52
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref52
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref53
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref53
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref54
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref54
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref54
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref55
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref55
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref55
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref55
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref56
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref56
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref57
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref57
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref57
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref58
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref58
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref58
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref58
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref59
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref59
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref59
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref59
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref60
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref60
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref60
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref60
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref61
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref61
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref61
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref62
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref62
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref62
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref63
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref63
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref64
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref64
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref64
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref64
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref65
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref65
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref65
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref65
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref66
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref66
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref66
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref66
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref67
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref67
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref67
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref68
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref68
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref68
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref68
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref69
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref69
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref70
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref70
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref70
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref71
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref71
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref71
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref72
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref72
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref72
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref72
https://www.biorxiv.org/content/10.1101/669853v1
https://www.biorxiv.org/content/10.1101/669853v1
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref74
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref74
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref74
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref74
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref74
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref75
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref75
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref75
https://www.biorxiv.org/content/10.1101/2020.01.24.918979v1.full
https://www.biorxiv.org/content/10.1101/2020.01.24.918979v1.full
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref77
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref77
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref77
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref78
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref78
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref78
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref78
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref79
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref79
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref79
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref80
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref80
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref81
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref81
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref81
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref81
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref82
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref82
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref82
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref83
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref83
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref83
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref83
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref84
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref84
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref84
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref85
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref85
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref85
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref85
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref86
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref86
http://refhub.elsevier.com/S1550-4131(20)30659-8/sref86


ll
Resource
Spallanzani, R.G., Zemmour, D., Xiao, T., Jayewickreme, T., Li, C., Bryce, P.J.,

Benoist, C., and Mathis, D. (2019). Distinct immunocyte-promoting and adipo-

cyte-generating stromal components coordinate adipose tissue immune and

metabolic tenors. Sci. Immunol. 4, eaaw3658.

Street, K., Risso, D., Fletcher, R.B., Das, D., Ngai, J., Yosef, N., Purdom, E.,

and Dudoit, S. (2018). Slingshot: cell lineage and pseudotime inference for sin-

gle-cell transcriptomics. BMC Genomics 19, 477.

Stuart, T., Butler, A., Hoffman, P., Hafemeister, C., Papalexi, E., Mauck, W.M.,

3rd, Hao, Y., Stoeckius, M., Smibert, P., and Satija, R. (2019). Comprehensive

integration of single-cell data. Cell 177, 1888–1902.e21.

Sun, C., Berry, W.L., and Olson, L.E. (2017). PDGFRa controls the balance of

stromal and adipogenic cells during adipose tissue organogenesis.

Development 144, 83–94.

Sun, K., Kusminski, C.M., and Scherer, P.E. (2011). Adipose tissue remodeling

and obesity. J. Clin. Invest. 121, 2094–2101.

Tang, W., Zeve, D., Suh, J.M., Bosnakovski, D., Kyba, M., Hammer, R.E.,

Tallquist, M.D., and Graff, J.M. (2008). White fat progenitor cells reside in the

adipose vasculature. Science 322, 583–586.

Tabula Muris Consortium, Overall coordination, Logistical coordination, Organ

collection and processing, Library preparation and sequencing,

Computational data analysis, Cell type annotation, Writing group,

Supplemental text writing group, and Principal investigators. (2018). Single-

cell transcriptomics of 20 mouse organs creates a Tabula Muris. Nature 562,

367–372.

Tardelli, M., Zeyda, K., Moreno-Viedma, V., Wanko, B., Gr€un, N.G., Staffler, G.,

Zeyda, M., and Stulnig, T.M. (2016). Osteopontin is a key player for local adi-

pose tissue macrophage proliferation in obesity. Mol. Metab. 5, 1131–1137.

Trapnell, C. (2015). Defining cell types and states with single-cell genomics.

Genome Res. 25, 1491–1498.

van Beek, L., van Klinken, J.B., Pronk, A.C., van Dam, A.D., Dirven, E., Rensen,

P.C., Koning, F., Willems van Dijk, K., and van Harmelen, V. (2015). The limited

storage capacity of gonadal adipose tissue directs the development of meta-

bolic disorders in male C57BL/6J mice. Diabetologia 58, 1601–1609.
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KEY RESOURCES TABLE
REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Rabbit polyclonal anti-Neuronatin antibody Abcam Cat#ab27266; RRID:AB_776717

Goat anti-Rabbit IgG (H+L) Highly Cross-

Adsorbed Secondary Antibody (Alexa

Fluor 546)

Thermo Fisher Scientific Cat#A11035; RRID: AB_2534093

Rabbit monoclonal anti-ATP citrate lyase

antibody [EP704Y] (Alexa Fluor� 647)

Abcam Cat#ab205430; RRID: N/A

Chemicals, Peptides, and Recombinant Proteins

4-(2-Hydroxyethyl)piperazine-1-

ethanesulfonic acid (HEPES)

Lonza Cat#BE17-737E; CAS: 7365-45-9

Bovine Serum Albumin Sigma-Aldrich Cat#A6003; CAS: 9048-46-8

Collagenase type 1 Thermo Fisher Scientific Cat#17100-017

Diethyl pyrocarbonate (DEPC) Sigma-Aldrich Cat#D5758; CAS:1609-47-8

DL-Dithiothreitol (DTT) New England Biolabs Cat#B1034A; CAS: 3483-12-3

Ethylene glycol-bis(2-aminoethylether)-

N,N,N0,N0-tetraacetic acid (EGTA)

Sigma-Aldrich Cat#E3889; CAS: 67-42-5

Ethylenediaminetetraacetic acid (EDTA) Sigma-Aldrich Cat#ED; CAS: 60-00-4

IGEPAL� CA-630 / NP-40 Sigma-Aldrich Cat#I8896; CAS: 9002-93-1

Krebs-Ringer bicarbonate buffer pH 7.4 Sigma-Aldrich Cat#K4002

Magnesium chloride (MgCl2) Sigma-Aldrich Cat#M1028; CAS: 7786-30-3

Phosphate-buffered saline (PBS) Thermo Fisher Scientific Cat#70013-016

Potassium chloride (KCl) Sigma-Aldrich Cat#P9541; CAS: 7447-40-7

RNase Inhibitor, Murine New England Biolabs Cat#M0314

Sodium chloride (NaCl) Sigma-Aldrich Cat#59222C; CAS: 7647-14-5

Sucrose Sigma-Aldrich Cat#S0389; CAS: 57-50-1

Tris(hydroxymethyl)aminomethane

hydrochloride (Tris-HCl)

Sigma-Aldrich Cat#T2194; CAS: 1185-53-1

Triton x-100 Sigma-Aldrich Cat#X100; CAS: 9002-93-1

Tween-20 Sigma-Aldrich Cat#P1379; CAS: 9005-64-5

Paraffin Hounisen Cat#2270.6060BLK

Trypsin-EDTA solution Sigma-Aldrich Cat#T4174

Eukit Sigma-Aldrich Cat#03989; CAS: 25608-33-7

Tissue-Tek O.C.T. compound Sakura Cat#4583

Paraformaldehyde Sigma-Aldrich Cat#P-6148, CAS:30525-89-4

Critical Commercial Assays

Chromium Single Cell 3’ Library & Gel Bead

Kit v2 16 rxns

10X Genomics Cat#PN-120237

Chromium Single Cell A Chip Kit, 48 rxns 10X Genomics Cat# PN-120236

Chromium i7 Multiplex Kit, 96 rxns 10X Genomics Cat# PN-120262

Chromium Single Cell 3ʹGEM, Library & Gel

Bead Kit v3, 16 rxns

10X Genomics Cat# PN-1000075

Chromium Single Cell B Chip Kit, 48 rxns 10X Genomics Cat# PN-1000073

Trichrome Stain Kit Abcam Cat#ab150686

Deposited Data

Raw sequencing data NCBI GEO GSE160729

Processed data Single Cell Portal SCP1179

(Continued on next page)
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REAGENT or RESOURCE SOURCE IDENTIFIER

Scripts GitHub JesperGrud/snRNAseq_eWAT

Analysis files OSF tsjqc

Experimental Models: Organisms/Strains

Mus musculus C57BL/6JBomTac Taconic Cat#B6JBOM-M

Software and Algorithms

ImageJ RRID: SCR_003070

R RRID: SCR_001905

Seurat RRID: SCR_007322

Limma RRID: SCR_010943

ZUMIs GitHub RRID: SCR_016139

scran Bioconductor RRID: SCR_016944

harmony GitHub immunogenomics/harmony

phateR CRAN

ElPiGraph.R GitHub Albluca/ElPiGraph.R

NIS-Elements AR software version 5.20.02 https://www.microscope.healthcare.nikon.

com/en_EU/products/software

RRID: SCR_014329

Others

BRAND� counting chamber

BLAUBRAND� B€urker pattern

Sigma-Aldrich Cat#BR718920

DNA LoBind Tubes Eppendorf 22431021

Dounce tissue grinder Wheaton USA 357542

CONTOUR�NEXT meter Bayer

Nikon Eclipse Ti2 Nikon

Nikon A1 confocal Ti-2 microscope Nikon

NovaSeq 6000 System 10xGenomics Cat#20012850

10x Genomics Chromium controller 10xGenomics Cat#PN110203

Sterile Cell Strainers Fisher Scientific Cat#22363548

HM 355S Automatic Microtome Axlab

Superfrost plus adhesion slides Thermo Scientific Cat#J1800AMNZ

High-fat diet (HFD) Research Diets Cat#D12492

Low-fat diet (LFD) Research Diets Cat#D12450B

Hoechst 33342 Sigma-Aldrich Cat# B2261; CAS:875756-97-1

Rabbit serum Thermo Fisher Scientific Cat#16120099

iSpacer Sunjin lab Cat# IS011
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RESOURCE AVAILABILITY

Lead Contact
Further information and requests for resources and reagents should be directed to and will be fulfilled by the Lead Contact, Susanne

Mandrup (s.mandrup@bmb.sdu.dk).

Materials Availability
This study did not generate new unique reagents.

Data and Code Availability
GSE160729 The accession number for the raw sequencing data reported in this paper is NCBI Gene Expression Omnibus:

GSE160729. The accession number for processed datasets generated during the data analysis in this paper is the Open Science

Framework: tsjqc and the Single Cell Portal: SCP1179. Scripts used to process and analyze data in this paper have been deposited

to GitHub: https://github.com/JesperGrud/snRNAseq_eWAT.
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EXPERIMENTAL MODELS AND SUBJECT DETAILS

Mice
Male C57BL/6JBomTac mice were housed under standard conditions, under light/dark cycle (12:12hr), with free access to food and

drinking water. All animal experimentation was approved by the Danish Animal Experiment Inspectorate (approval #2018-15-0201-

01459) and complied with the ARRIVE guidelines. 10 weeks old mice were fed with a high-fat diet (HFD) (Research Diets, D12492) to

induce obesity development, whereas control mice received a low-fat diet (LFD) (Research Diets, D12450B) for 18 (experiment 1 and

2) or 22 (experiment 3) weeks. Mice were randomly divided into diet groups. The body weight of the mice was determined every sec-

ond week; intraperitoneal glucose tolerance test was performed at week 16 for the first two experiments and at week 18 for the third

experiment. All mice were anesthetized by CO2 treatment and cardiac perfusion was performed using 1x PBS (Thermo Fisher Sci-

entific, 70013-016) diluted in diethyl pyrocarbonate (DEPC) (Sigma-Aldrich, D5758) water. Epididymal white adipose tissue (eWAT)

was surgically removed and placed in 1x PBS (Thermo Fisher Scientific, 70013-016) on ice. For the two first independent biological

replicates, eWAT from threemicewas pooled for nuclei isolation and snRNA-seq experiments. For the third replicate, eWAT from one

mouse was used for nuclei isolation and snRNA-seq experiments. For histology, three mice per condition were used. For staining of

mature adipocytes, five mice per condition were used.

METHOD DETAILS

Intraperitoneal Glucose Tolerance Test
At week 16 (experiment 1 and 2) and week 18 (experiment 3), glucose tolerance was assessed by intraperitoneal glucose tolerance

test (IPGTT). Mice were fasted for 4 h and fasting blood glucose levels were determined (time point 0 h). Glucose was administered

intraperitoneally (2 g/kg) and blood glucose levels were determined at 15, 30, 60, and 120 min after glucose load using a CON-

TOUR�NEXT glucometer (Bayer).

Nuclei Isolation
The nuclei isolation protocol was adapted from a previously published protocol (Roh et al., 2017). eWAT was minced in a petri dish

containing 500 mL nuclei preparation buffer [(NPB) 10 mM HEPES (Lonza, BE17-737E) (pH 7.5), 1.5 mM MgCl2 (Sigma-Aldrich,

M1028; CAS: 7786-30-3), 10 mM KCl (Sigma-Aldrich, P9541), 250 mM sucrose (Sigma-Aldrich, S0389), 0.001% IGEPAL CA-630

(NP-40) (Sigma-Aldrich, I8896), and 0.2 mM DTT (New England Biolabs, B1034A) in DEPC water] on ice. The samples were further

homogenized in 1.5 mL NPB, using a 7 mL dounce tissue grinder (Wheaton USA, 357542), applying 10 strokes with the loose pestle

and 10 strokes with the tight pestle. The homogenate was filtered through a 70 mm cell strainer (Fisher Scientific, 22363548) and

centrifuged at 1,000 g for 10 min at 4�C. The nuclear pellet was resuspended in 2 mL NPB containing 1 U/mL RNase inhibitor

(New England Biolabs, M0314) and centrifuged at 1,000 g for 10 min at 4�C. Finally, the nuclear pellet was resuspended in 30 mL

nuclei resuspension buffer [(NRB) 20 mM Tris-HCl (Sigma-Aldrich, T2194) (pH 7.5), 40 mM NaCl (Sigma-Aldrich, 59222C), 90 mM

KCl (Sigma-Aldrich, P9541), 2 mM EDTA (Sigma-Aldrich, ED), 0.5 mM EGTA (Sigma-Aldrich, E3889), 0.001% IGEPAL CA-630

(NP-40) (Sigma-Aldrich, I8896), 0.2 mM DTT (New England Biolabs, B1034A), and 1 U/mL RNase inhibitor (New England Biolabs,

M0314) dissolved in DEPC water]. All solutions were sterile filtered prior to use.

The nuclei were counted using a B€urker pattern counting chamber (Sigma-Aldrich, BR718920) and 12,000 nuclei were submitted

for snRNA-seq using the 10x Genomics system.

Single-Nucleus RNA-Sequencing
Immediately following nuclei isolation, 12,000 nuclei were loaded onto the 10x Genomics Chromium controller (10X Genomics,

PN110203). Libraries were prepared according to the instructions of the manufacturer using the 10x Genomics Single-Cell 3’ v2

[Chromium Single Cell 3’ Library & Gel Bead Kit v2 16 rxns (10X Genomics, PN-120237), Chromium Single Cell A Chip Kit, 48

rxns (10X Genomics, PN-120236), Chromium i7 Multiplex Kit, 96 rxns (10X Genomics, PN-120262)] (experiment 1 and 2) and v3

[Chromium Single Cell 3ʹ GEM, Library & Gel Bead Kit v3, 16 rxns (10X Genomics, PN-1000075), Chromium Single Cell B Chip

Kit, 48 rxns (10X Genomics, 10X Genomics, PN-1000073), Chromium i7 Multiplex Kit, 96 rxns (10X Genomics, PN-120262)] (exper-

iment 3). Libraries were sequenced on an Illumina NovaSeq 6000 System (10X Genomics, 20012850), aiming for a coverage of

approximately 50,000 raw reads per nucleus.

Histology
Adipose tissue was embedded in Tissue Tek O.C.T. compound (Sakura, 4583) and frozen in 96% ethanol on dry ice, then stored at

-80�C. Frozen OCT-embedded adipose tissue blocks were immersed and fixed for 24 h at 4�C in 4% of paraformaldehyde (Sigma-

Aldrich, P-6148) dissolved in 1x PBS (Thermo Fisher Scientific, 70013-016) (pH 7.4) before embedding in paraffin (Hounisen,

2270.6060BLK). Paraffin-embedded adipose tissue blocks were cut to 5 mm sections using a HM 355S Automatic Microtome (Axlab)

and mounted on Superfrost plus adhesion slides (Thermo Scientific, J1800AMNZ) for histological staining. Trichrome staining (Ab-

cam, ab150686) of the rehydrated adipose tissue sections was performed according to the guideline of the manufacturer. Stained

sections were dehydrated and covered with coverslip using Eukit (Sigma-Aldrich, 03989) mounting medium. Images were obtained

using a Nikon Eclipse Ti2 microscope and processed with ImageJ.
e3 Cell Metabolism 33, 437–453.e1–e5, February 2, 2021
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Immunofluorescence Microscopy of Mature Adipocytes
Epididymal fat pads were dissected and minced with scissors and scalpels. The minced tissue was digested for 17–20 min at 37�C
with constant shaking at 140 rpm in Krebs-Ringer bicarbonate buffer (pH 7.4) (Sigma-Aldrich, K4002) containing 533.33 U collage-

nase type 1 (Thermo Fisher Scientific, 17100-017) and 1% fatty acid (FA)-free BSA (Sigma-Aldrich, A6003). The cell suspension was

filtered through a double 250 mm nylon mesh strainer, and floating adipocytes were washed 3 times with Krebs-Ringer bicarbonate

buffer containing 1 % FA-free BSA, where the infranatant was removed with a syringe. The floating fraction containing mature adi-

pocytes was fixed with 2% PFA and 1% sucrose in PBS for 30 min with gentle agitation and subsequently washed with 2% FA-free

BSA in PBS.

Based on the snRNA-seq results we identified ACLY and NNAT asmarkers of LGA and LSA, respectively. ACLY catalyzes the con-

version of citrate and coenzyme A to acetyl-CoA and therefore plays an important role in de novo fatty acid synthesis and acetylation

reactions (Fernandez et al., 2019). NNAT is expressed in adipose tissue and the neuroendocrine system, where it is associated with

the endoplasmic reticulum and other cellular membranes (Dalgaard et al., 2016; Lee et al., 2017). It has previously been shown to be

expressed at higher levels in anabolic compared with catabolic adipocytes in inguinal WAT (Lee et al., 2017).

For each sample, 150-200 mL fixed adipocytes were used. Staining was performed as previously described (Hagberg et al., 2018)

with minor modifications. Adipocytes were permeabilized with 1 mL 0.5% Triton x-100 (Sigma-Aldrich, X100) in PBS, then incubated

for 10 min in 2 mL 2.5 mg/mL trypsin (Sigma-Aldrich, T4174) in PBS at 37�C using a water bath with gentle agitation. The permeabi-

lized adipocytes were blocked for 30 min with 1 mL 2% FA-free BSA in PBS then incubated overnight at room temperature with

500 mL at 1:250 dilution of primary rabbit polyclonal anti-Neuronatin (NNAT) antibody (Abcam, ab27266) in 2% FA-free BSA in

PBS with constant shaking. The adipocytes were washed twice for 10 min with 1 mL wash buffer [0.1 % FA-free BSA and 0.05%

Tween-20 (Sigma-Aldrich, P1379) in PBS]. Subsequently, the adipocytes were incubated for 2 h in 500 mL secondary antibody,

goat anti-rabbit Alexa Fluor 546 (Thermo Fisher Scientific, A11035) at 1:500 in 2% FA-free BSA in PBS with constant shaking. The

adipocytes were washed twice with washing buffer and blocked for 30 min with 10% rabbit serum (Thermo Fisher Scientific,

16120099) and 2% FA-free BSA in PBS, then incubated for 6 h in 500 mL, rabbit monoclonal anti-ATP citrate lyase antibody

(EP704Y) (ACLY) conjugated with Alexa Fluor 647 (Abcam, ab205430) at 1:250 in 10% rabbit serum and 2% FA-free BSA in PBS.

The adipocytes were washed twice and stained for 20 min with 20 mg/mL Hoechst 33342 (Sigma-Aldrich, B2261) in PBS. Finally,

the adipocytes were resuspended in 400 mL 90%Glycerol in PBS and 300 mL cell suspension wasmounted on Superfrost plus adhe-

sion slides (Thermo Scientific, J1800AMNZ) using a 0.5 mm thick cell frame, iSpacer (Sunjin lab, IS011) and the cover slip was

secured with nail polish.

As a negative control for verifying NNAT antibody specificity, adipocytes were incubated with the secondary antibody only, while a

negative control (blank control) for the ACLY labeling was prepared by leaving out the conjugated ACLY antibody and only blocking

with 10% rabbit serum and 2% FA-free BSA in PBS.

Adipocyte fluorescence images were acquired using a Nikon A1 confocal Ti-2 microscope with NIS-Elements AR software version

5.20.02. Transmitted light images were recorded additionally to provide an overview of the cells and acellular lipid droplets in the field

of view. Hoechst 33342 (nuclei), Alexa Fluor 546 (NNAT) and 647 (ACLY) fluorophores were excited sequentially using a 407 nm,

561 nm, and 637 nm laser line, respectively. Fluorescence emission from 414-480 nm (Hoechst 33342), 579-640 nm (Alexa Fluor

546), and 659-736 nm (Alexa Fluor 647) was collected in parallel with a Nikon DU4 4-channel detector. A Plan Apo 203/0.75 objective

was used with the pinhole set to 154 mm. Frames were recorded with 16 times line averaging to build z-stacks with a 6 mm axial step

size and z-range covering the height of the imaged adipocytes, typically �150 mm.

Image analysis was carried out using ImageJ v. 1.8. From the image stacks, maximum intensity projections were generated, and

regions of interest corresponding to nucleated adipocytes were manually created. The area and mean pixel intensity within the

adipocyte regions were measured for each channel (579-640 nm and 659-736 nm) and Corrected Total Cell Fluorescence

(CTCF) was calculated by multiplying the area of selected cell with the mean fluorescence in the area and subtracting the back-

ground. The background for the NNAT signal was determined as for the signal in control cells with secondary antibody only;

whereas the background for the ACLY signal was determined based on the mean fluorescence of blank control cells. Identical

settings were used during both acquisition and analysis of all the images. The representative images (Figures 5I and S6H) were

acquired at the Nyquist criteria using the Nyquist calculator in NIS-Elements AR software version 5.20.02. The contrast and bright-

ness have been adjusted in ImageJ.

Single-Nucleus RNA-Sequencing Analysis
Cell-gene count matrices were generated using zUMIs (Parekh et al., 2018) withmapping to themouse genome (mm10) and counting

both intronic and exonic reads in Ensembl genes. Both genes and nuclei were quality-filtered in a step-by-step fashion. First, empty

droplets were excluded using emptyDrops (Lun et al., 2019). Second, low-quality nuclei were removed by filtering on the proportion

of mitochondrial reads (threshold: 15%), the number of UMIs (threshold: 1000), the number of detected features (threshold: 500), and

the ratio between the number of UMIs and features (threshold 2.5). Third, the nuclei were filtered by outlier detection on PCA calcu-

lated from quality metrics in Scater (McCarthy et al., 2017). Fourth, genes expressed in a low number of nuclei (threshold: 10 nuclei)

were removed and all non-protein-coding genes as well as genes with transcript level support less than 1 were removed. Fifth,

doublet scores were calculated using scran (Lun et al., 2016). The nuclei were clustered using Seurat (Stuart et al., 2019), and clusters

with high doublet scores, low number of features, or a lower number of UMIs were removed, iteratively. After quality control, the data-

sets were normalized using scran (Lun et al., 2019) and scaled to each other using batchelor (Haghverdi et al., 2018).
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For visualization and clustering, we initially detected the top 2000most highly variable genes using Seurat (Stuart et al., 2019). From

this list, we removed genes that are present in the ambient RNA pool. We detected these ambient genes by finding genes that are

highly and frequently expressed in empty droplets (droplets with less than 10 genes detected). We defined highly and frequently ex-

pressed in empty droplets as genes with more than a total of 50 UMIs and non-zero expression in more than 0.1% of empty droplets

(Table S1). The remaining highly variable genes were decomposed by PCA, and the resulting PCs were harmonized across samples

using Harmony (Korsunsky et al., 2019). The effect of removing ambient genes and harmonizing PCs was evaluated using four

different metrics of batch effect sizes [LiSi (Korsunsky et al., 2019), kBET (B€uttner et al., 2019), silhouette width from scone, and

PC regression (McCarthy et al., 2017)]. Finally, the harmonized PCs were used as input for UMAP embedding using Seurat (Stuart

et al., 2019). Clusters were identified using Louvain clustering in Seurat (Stuart et al., 2019) based on either the harmonized PCs

or the UMAP embedding.

For primary trajectory inference, we decomposed all genes except the genes highly and frequently expressed in empty droplets by

PCA and harmonized the resulting PCs with Harmony (Korsunsky et al., 2019). The harmonized PCs were further decomposed using

PHATE (Moon et al., 2019). An elastic principal tree was fitted to the PHATE coordinates using ElPiGraph (Albergante et al., 2018),

which was used for pseudo-time inference. For trajectory inference for validation, pseudo-time were inferred from PHATE coordi-

nates using TSCAN (Ji and Ji, 2016) and Slingshot (Street et al., 2018), from harmonized PCs using Destiny (Angerer et al., 2016)

and Scorpius (Cannoodt et al., 2016) and from raw UMI counts with Monocle3 (Qiu et al., 2017).

For differential expression analysis between clusters, we removed genes expressed in less than 10% of the nuclei in both condi-

tions. Subsequently, we tested for differential expression using limma (Ritchie et al., 2015) in each replicate and included only genes

significantly regulated (FDR% 0.05) in the same direction in both replicates. For differential expression analysis along pseudo-time,

we removed genes expressed in less than 10%of the nuclei. Subsequently, we tested for differential expression using tradeSeq (Van

den Berge et al., 2020) and included only genes significantly changed (FDR % 0.05) in both replicates. For differential expression

along pseudo-time between lean and obese mice, we used tradeSeq (Van den Berge et al., 2020) testing only genes differentially

expressed along pseudo-time (FDR% 0.05 in both replicates) in either lean or obese mice. Only genes significantly differentially ex-

pressed (FDR % 0.05) in both replicates were included. Pathway analysis was performed using clusterProfiler (Yu et al., 2012) and

WikiPathways (Slenter et al., 2018).

For gene module scoring (using either gene modules downloaded from public datasets or from marker genes in our data), we

calculated expression enrichments using Seurat (Stuart et al., 2019) and Z-transformed them (where indicated). For classification

based on the scaled enrichment, nuclei were assigned to the module with the highest scaled enrichment.

For deconvolution of public data, per condition, pseudo-bulk RNA-seq datasets for each of our subpopulations across all cell types

intrinsic to eWAT was created by pooling the UMI counts (in experiment 1 and 2). The pseudo-bulk RNA-seq datasets were normal-

ized using edgeR and averaged for the lean and the obese conditions. Only genes with low intra-replicate variance (index of disper-

sion % 0.5) in pseudo-bulk RNA-seq were retained, and the public data was deconvoluted using constrained ridge regression. The

regression coefficients were scaled between 0 and 1 and the inferred fraction of adipocytes subpopulations (out of all adipocytes)

was calculated.

QUANTIFICATION AND STATISTICAL ANALYSIS

Statistical details (including statistical tests and definitions of centers and dispersion) are available in the figure legends, where neces-

sary. Data exclusion was driven by quality filtering (as described above) and data stratification was performed using Louvain clus-

tering. Unless otherwise noted, all bar plots show data as mean ± SEM and all box plots depict the first and third quartiles as the

lower and upper bounds of the box, with a thicker band inside the box showing the median value; whiskers represent 1.5 times

the interquartile range. Unless otherwise noted, differences in gene expression levels were tested with likelihood ratio tests (using

limma (Ritchie et al., 2015) in R) and other differences were tested with Student’s t test (using t.test() in R). All p values were adjusted

for false discoveries (using p.adjust() in R) in cases where the number of tests exceeded 10.
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Figure S1: Validation strategy, phenotype characterization, and quality control plots of 
snRNA-seq data obtained from epididymal WAT isolated from multiple or single mice, Related 
to Figure 1. 
(A) Outline of the analysis workflow showing the implementation of a third snRNA-seq dataset 
(Experiment 3). Experiment 3 eWAT snRNA-seq was generated from one lean (22 weeks LFD) and 
one obese (22 weeks HFD) mouse. High-quality nuclei in experiment 3 were identified as previously 
outlined (Figure 1A). To add experiment 3 to the pre-existing UMAP space (Figure 1F), it was first 
added to the pre-existing principal component (PC) space by re-using the PC loadings from 
experiment 1 and 2 to calculate PCs for experiment 3. Subsequently, experiment 3 PCs were then 
harmonized and used to calculate UMAP coordinates based on the pre-existing UMAP model (from 
experiment 1 and 2). For each experiment 3 nuclei, cluster labels were inferred by transferring the 
label of the nearest neighbor (calculated in UMAP space) from experiment 1 and 2. The inferred 
labels were used to test the reproducibility of compositional and gene expression changes between 
clusters and diets.  

(B) Weight gain relative to the start of diet-intervention for the lean (n = 1) and the obese (n =1) 
mouse used to generate experiment 3 snRNA-seq data after 22 weeks of diet-intervention.  

(C) Glucose tolerance test performed after 18 weeks of diet-intervention in the lean (n = 1) and the 
obese (n = 1) mouse used to generate experiment 3 snRNA-seq data. Blood glucose levels was 
determined following intra-peritoneal injection of a single glucose bolus (2 g/kg).  

(D) Representative images of eWAT isolated from one of the lean and one of the obese mice used to 
generate experiment 1 snRNA-seq data after 18 weeks of diet-intervention.  

(E) Tissue weights of eWAT isolated from the lean (n = 1) and the obese (n = 1) mouse used to 
generate experiment 3 snRNA-seq data.  

(F-H) Histograms showing the distribution of the number of transcripts detected (F), UMI counts (G), 
and mitochondrial transcript content (H) in putative nuclei-containing droplets. Nuclei in the grey 
area were removed. 
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Figure S2: Data integration and cell type composition across snRNA-seq datasets in epididymal 
WAT, Related to Figure 1. 
(A-B) The effects of ambient gene removal and harmonization for experiment 1 and 2. A) Visualized 
effect. Left: The top 1,000 most variable genes were decomposed by PCA and the first 15 PCs were 
embedded using UMAP and visualized by experiment. Middle: The top 1,000 most variable genes 
were identified, and ambient genes were removed. The remaining genes were decomposed by PCA 
and the first 15 PCs were embedded using UMAP and visualized by experiment. Right: The top 1,000 
most variable genes were identified. Ambient genes were removed, and the remaining genes were 
decomposed by PCA. The resulting PCs were harmonized and the first 15 harmonized PCs were 
embedded using UMAP and visualized by experiment. B) Quantifying the effect. Four different 
metrics of batch effect sizes were calculated (see Methods) for different combinations of removing 
ambient genes (- ambient genes were removed, + ambient genes were included) and harmonization 
(- raw PCs were used, + harmonized PCs were used).  

(C) UMAPs of eWAT cell types across experiment 1-3. For experiment 1 and 2, the UMAP was split 
by experiment. For experiment 3, UMAP space and cluster labels were inferred as previous described 
(defined in Figure S1A).  

(D) Heatmap showing average scaled gene module scores for the top 50 most enriched marker genes 
for each eWAT cell type across experiment 1-3.  

(E) Expression of cell type markers for the major cell types in eWAT; immune cells (Adgre1), 
adipocytes (Lipe), FAPs (Pdgfra), and mesothelial cells (Upk3b) across experiment 1-3.  

(F) UMAPs of eWAT cell types in the lean and the obese mouse in experiment 3 in inferred UMAP 
space.  

(G) The fraction (relative to the total number of nuclei) of each cell type in the lean and the obese 
mouse in experiment 3. 
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Figure S3: Characterization of immune cells and macrophage subpopulations in epididymal 
WAT isolated from multiple or single mice, Related to Figure 2. 
(A) UMAP of immune subpopulations in experiment 3. UMAP space and cluster labels were inferred 
as previously described (defined in Figure S1A).  

(B) Heatmap showing average scaled gene module scores for the top 50 most enriched marker genes 
(defined in Figure 2C) for each immune subpopulation in experiment 3.  

(C) The fraction (relative to the total number of nuclei) of each immune subpopulation in the lean 
and the obese mouse in experiment 3.  

(D) Activation and polarization states of macrophages in experiment 1 and 2 (see Methods).  

(E-F) Overlap between the macrophage subpopulations identified in experiment 1 and 2 and previous 
studies (Chakarov et al., 2019; Jaitin et al., 2019). For each of the indicated studies, a list of 
significantly enriched marker genes for each of the identified macrophage subpopulations was 
downloaded. Gene module scores for the macrophage subpopulations identified in experiment 1 and 
2 were calculated for each set of marker genes and scaled. Left panels: UMAPs of gene module scores 
for macrophages in experiment 1 and 2. Right panels: Boxplots of gene module scores in 
subpopulations of macrophages in experiment 1 and 2.  

(G) UMAP embedding of macrophage subpopulations in experiment 3 in inferred UMAP space.  

(H) Heatmap showing scaled average expression of a selected set of macrophage marker genes across 
macrophage subpopulations in experiment 3.  

(I) UMAPs of macrophages in the lean and obese mouse in experiment 3 in inferred UMAP space.  

(J) The fraction (relative to the total number of macrophage nuclei) of each macrophage 
subpopulation in the lean and the obese mouse in experiment 3.  

(K) Heatmap showing scaled average expression of genes regulated in obesity in PVM and NPVM 
subpopulations across experiment 1-3.  

(L) The fraction of LAM marker genes (defined in Figure 2F) in experiment 1 and 2 overlapping with 
genes induced by obesity in PVMs and NPVMs (Figure 2I, cluster 1) or randomly selected genes. 
The randomized control (mean of 100 permutations ± SEM) was matched to the group size of cluster 
1 genes. 

(D) Error bars represent 95% confidence intervals (Wilcoxon test). 
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Figure S4: Characterization of mesothelial and endothelial cells in epididymal WAT isolated 
from single mice, Related to Figure 3. 
(A) UMAP of mesothelial and endothelial subpopulations in experiment 3. UMAP space and cluster 
labels were inferred as previously described (defined in Figure S1A).  

(B) Heatmap showing average scaled gene module scores for the top 50 most enriched marker genes 
(defined in Figure 3C) for each endothelial and mesothelial cell type in experiment 3.  

(C) UMAPs of mesothelial and endothelial subpopulations in the lean and the obese mouse in 
experiment 3 in inferred UMAP space.  

(D) The fraction (relative to the total number of endothelial and mesothelial nuclei) of each 
endothelial and mesothelial cell type in the lean and the obese mouse in experiment 3. 
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Figure S5: Characterization of fibro-adipogenic progenitors in epididymal WAT isolated from 
multiple or single mice, Related to Figure 4.  
(A) UMAP of FAP subpopulations in experiment 3. UMAP space and cluster labels were inferred as 
previously described (defined in Figure S1A).  

(B) Barplots showing the mean expression of a selected set of preadipocyte marker genes in each 
FAP subpopulation in experiment 1 and 2. Error bars represent SEM.  

(C) Heatmap showing average scaled gene module scores for the top 50 most enriched marker genes 
(defined in Figure 4C) in each FAP subpopulation in experiment 3.  

(D-G) Overlap between the identified FAP subpopulations in experiment 1 and 2 and the 
subpopulations of FAPs defined in previous studies (Burl et al., 2018; Hepler et al., 2018; Merrick et 
al., 2019; Schwalie et al., 2018). For each of the indicated studies, a list of significantly enriched FAP 
marker genes was downloaded. Gene module scores for the FAPs in experiment 1 and 2 were 
calculated for each set of marker genes and scaled. Left panel: UMAPs of scaled gene module score 
in FAP nuclei in inferred UMAP space. Right panel: Boxplot of scaled gene module scores across 
FAP subpopulations.  

(H) UMAPs of FAP subpopulations in the lean and the obese mouse in experiment 3 in inferred 
UMAP space.  

(I) The fraction (relative to the total number of FAPs) of each FAP subpopulation in the lean and the 
obese mouse in experiment 3.  

(J) Heatmap showing scaled average expression of genes regulated by obesity in each FAP 
subpopulation across experiment 1-3.  
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Figure S6: Characterization and in vivo validation of adipocytes in epididymal WAT isolated 
from multiple or single mice, Related to Figure 5. 
(A) UMAP of adipocyte subpopulations in experiment 3. UMAP space and cluster labels were 
inferred as previously described (defined in Figure S1A).  

(B) Heatmap showing scaled average expression of a selected set of adipocyte marker genes across 
adipocyte subpopulations and in all non-adipocytes in experiment 3.  

(C) Heatmap showing average scaled gene module scores for the top 50 most enriched marker genes 
(defined in Figure 5D) in each adipocyte subpopulation in experiment 3.  

(D) UMAPs of adipocyte subpopulations in the lean and the obese mouse in experiment 3 in inferred 
UMAP space.  

(E) The fraction (relative to the total number of adipocyte nuclei) of each adipocyte subpopulation in 
the lean and the obese mouse in experiment 3.  

(F) Distribution of the scaled corrected total cellular fluorescence (CTCF) as measured by 
immunofluorescence microscopy for NNAT and ACLY in isolated adipocytes from lean (22 weeks 
LFD, n = 5) or obese (22 weeks HFD, n = 5) mice and co-stained for NNAT and ACLY.  

(G) Control measurements validating the specificity of the labeling. Measurements were carried out 
using the same acquisition settings on labeled (first two upper rows), unlabeled (blank) and on 
samples labeled only with secondary antibody. The images’ contrast is adjusted so that the controls 
and the labeled samples has the same contrast, to facilitate direct comparison. Low magnification 
representative images of adipocytes (scale bars = 200 µm). Left: Adipocytes in bright field stained 
with Hoechst.  

(H) Representative images of single adipocytes assigned to the indicated adipocyte subpopulation as 
in G (scale bars = 100 µm).  

(I-J) Deconvolution of public data using pseudo-bulk RNA-seq data (see Methods). I) Microarray 
data (Kwon et al., 2012) from epididymal WAT isolated from mice fed a high-fat diet (n = 3 mice 
per timepoint) or a normal diet (n = 3 mice per time point) for the indicated number of weeks. J) 
RNA-seq data (Del Cornò et al., 2019) from visceral WAT isolated from lean (n = 6 individuals) or 
obese (n = 6 individuals) humans.  

(K) Heatmap showing scaled average expression of genes regulated by obesity in LSA and SLSA 
subpopulations across experiment 1- 3. 

(I-J) Error bars represent SEM. 

 

  



A

FAP2
FAP1

LSA
SLSA
LGA

-0.02

0.00

0.02

P
H

A
TE

 2

PHATE 1
-0.02 0.00 0.02

Trajectory in FAPs and adipocytes

Specification
Differentiation

B

S
pe

ar
m

an
s 

ρ

Pseudo-time correlation between methods

Slin
gs

ho
t

TSCAN

Des
tin

y

SCORPIU
S

Mon
oc

le3

1.0

0.8

0.6

0.4

0.2

0.0

C
Meta-stable states in Destiny

Pseudo-time

0.0

0.2

0.3

0.5

Fr
ac

tio
n 

of
 n

uc
le

i

0.4

D
Meta-stable states in Scorpius

Pseudo-time

0.0

0.2

Fr
ac

tio
n 

of
 n

uc
le

i

0.1

E
Meta-stable states in Monocle3

Pseudo-time

0.0

0.2

Fr
ac

tio
n 

of
 n

uc
le

i

0.1

Figure S7



Figure S7: Pseudo-time and trajectory analysis of in vivo adipogenesis in epididymal WAT, 
Related to Figure 6. 
(A) PHATE embedding and trajectory inference based on FAP1, FAP2, and all adipocytes from 
experiment 1 and 2. PHATE embeddings were generated by decomposing all genes by PCA, 
harmonizing the PCs and projecting all the harmonized PCs to 2D PHATE space. A branched 
trajectory was trained on the PHATE coordinates. The resulting trajectory is comprised of a 
differentiation arm prior to the branch point, which connects the FAPs to the mature adipocytes and 
a specification arm following the branch point, which separates subpopulations of adipocytes. The 
differentiation trajectory was oriented to start in FAP1 and was further used to infer pseudo-time.  

(B-E) Reproducibility analyses of the pseudo-time analysis for the differentiation path of the 
trajectory. Nuclei assigned to the differentiation path of the trajectory analysis (from A) were 
extracted and re-analyzed with alternative pseudo-time inference tools. B) Correlation of the ranking 
of nuclei along pseudo-time between ElPiGraph and all the tested methods (Angerer et al., 2016; 
Cannoodt et al., 2016; Ji and Ji, 2016; Qiu et al., 2017; Street et al., 2018). C-E) Histograms showing 
the number of nuclei along pseudo-time for the three alternative pseudo-time inference methods that 
generate new embeddings different from PHATE. 

(C-E) Error bars represent SEM. 

 



 

 

Appendix II 
 
Isolation of nuclei from mouse white adipose tissues for single-nucleus genomics.  
STAR Protocols (2021). 
Elvira Laila Van Hauwaert, Ellen Gammelmark, Anitta Kinga Sárvári, Lena Larsen, Ronni Nielsen, 
Jesper Grud Skat Madsen and Susanne Mandrup. 
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SUMMARY

Lipid-filled adipocytes are incompatible with droplet-based single-cell methods,
such as 10x Genomics-based technology, thus restricting droplet-based single-
cell analyses of adipose tissues to the stromal vascular fraction. To overcome
this limitation and obtain cellular and molecular insight into adipose tissue
composition and plasticity, single-nucleus sequencing-based technologies can
be applied. Here, we provide an optimized protocol for nuclei isolation from
mouse adipose tissues suitable for single-nucleus RNA sequencing. This allows
for transcriptomic profiling of the entire adipose tissue at single-cell resolution.
For complete details on the use of this protocol, please refer to Sárvári et al.,
2021.

BEFORE YOU BEGIN

This protocol describes the steps to facilitate nuclei release and isolation from mouse white adipose

tissues (WAT). It was primarily optimized using snap-frozen gonadal WAT isolated from

lean 7–16 weeks old mice of the C57BL/6J background. However, we obtain similar yields from

inguinal tissue and fresh tissues. Furthemore, the protocol can also be used for WAT from other

mouse strains and from mice with HFD-induced obesity. However, tissues from very old mice (>1

year of age) might be fibrotic, which negatively impacts nuclei yield and may require adjustment

of the protocol.

Note: This protocol is intended for WAT from a single mouse; however, in cases where the de-

pots are small, pooling of tissues from two mice may be needed.

General preparation

Timing: 1 h

1. Clean Dounce homogenizers and pre-cool them on ice.

CRITICAL: If nuclei are to be used for transcriptomics, rinse Dounce homogenizers with

RNaseZAP and DEPC-treated water to minimize RNase activity.

2. Pre-cool centrifuges to 4�C.
3. Pre-cool tubes for nuclei isolation and Petri dishes for tissue mincing on ice.

STAR Protocols 2, 100612, September 17, 2021 ª 2021 The Author(s).
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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Note: For each isolation, prepare 13 50 mL tube, 23 5 mL DNA low binding tubes, 23 1.5 mL

DNA low binding tubes, and 13 Petri dish.

4. Prepare nuclei isolation buffer (NIB) and nuclei resuspension buffer (NRB).

a. Filter buffers using a 0.2 mm syringe filter and pre-cool buffers on ice.

Note: Buffers are prepared freshly in order to minimize RNase activity.

KEY RESOURCES TABLE

MATERIALS AND EQUIPMENT

REAGENT or RESOURCE SOURCE IDENTIFIER

Chemicals, peptides, and recombinant proteins

4-(2-Hydroxyethyl) piperazine-1-ethanesulfonic
acid (HEPES)

Lonza Cat#BE17-737E; CAS: 7365-45-9

Bovine Serum Albumin Sigma-Aldrich Cat#B6917; CAS: 9048-46-8

Diethyl dicarbonate (DEPC) Sigma-Aldrich Cat#D5758; CAS: 1609-47-8

DL-Dithiothreitol (DTT) New England Biolabs Cat#B1034A; CAS: 3483-12-3

IGEPAL CA-630 Sigma-Aldrich Cat#I8896; CAS: 9002-93-1

Magnesium chloride (MgCl2) Sigma-Aldrich Cat#M1028; CAS: 7786-30-3

Phosphate buffered saline (PBS) (103, pH 7.2) Gibco Cat#70013-016

Potassium chloride (KCl) Sigma-Aldrich Cat#P9541; CAS: 7447-40-7

RNase Inhibitor, Murine New England Biolabs Cat#M0314

RNaseZAP Sigma-Aldrich Cat#R2020

Sucrose Sigma-Aldrich Cat#S0389; CAS: 57-50-1

Trypan Blue Bio-Rad Cat#1450013

Biological samples

Mouse white adipose tissues N/A N/A

Critical commercial assays

Chromium Next GEM Chip G Single Cell Kit (48 rxns) 10x Genomics Cat#1000120

Chromium Next GEM Single Cell 3’ Kit v3.1 (16 rxns) 10x Genomics Cat#1000268

Dual Index Kit TT Set A (for Gene Expression Libraries) 10x Genomics Cat#1000215

Experimental models: organisms/strains

Mus musculus C57BL/6J and C57BL/6N N/A N/A

Other

0.2 mm Syringe filters Sartorius Cat#17845-ACK

1.5 mL DNA LoBind tubes Eppendorf Cat#0030108051

2 mL Dounce homogenizer Sigma-Aldrich Cat#D8938

5 mL DNA LoBind tubes Eppendorf Cat#0030122348

6 cm Petri dish Thermo Scientific Cat#150288

50 mL Tube SARSTEDT Cat#62.547.254

103 Genomics Chromium Controller 10x Genomics Cat#PN110203; RRID:SCR_019326

BRAND counting chamber BLAUBRAND Bürker pattern Sigma-Aldrich Cat#BR718920

Flowmi Cell Strainer, porosity 40 mm Sigma-Aldrich Cat#BAH136800040

NovaSeq 6000 System Illumina Cat#20012850; RRID:SCR_016387

pluriStrainer 70 mm (Cell Strainer) pluriSelect Cat#43-50070-51

Surgical Scalpel Blade No.22 Swann-Morton Cat#0208

Nuclei isolation buffer (NIB)

Reagent Final concentration Amount

Sucrose (0.5 M) 250 mM 500 mL

HEPES (1 M) 10 mM 10 mL

(Continued on next page)

ll
OPEN ACCESS

2 STAR Protocols 2, 100612, September 17, 2021

Protocol



Note:NIB and NRB are prepared freshly, filtered, and kept on ice until use to minimize RNase

activity. Sucrose is prepared freshly in DEPC-treated water. IGEPAL CA-630 solution is diluted

in DEPC-treated water and can be stored for several months at 20�C–25�C. BSA is dissolved in

13 PBS (in DEPC-treated water) and can be stored at �20�C. 13 PBS solution is prepared by

diluting a 103 PBS solution in DEPC-treated water.

Alternatives: In principle, all reagents and resources listed in the key resources table can be

replaced with equivalent items from other suppliers; however, the impact of alternative re-

agents on protocol performance has not been tested.

STEP-BY-STEP METHOD DETAILS

The following steps describe the process of isolating intact nuclei from snap-frozen mouse WAT.

Note: To minimize contamination with blood cells from the vasculature, it is recommended to

do cardiac perfusion with 13 PBS in DEPC-treated water (typically 12 mL per perfusion) prior

to isolating the tissue.

Tissue homogenization

Timing: 30 min

The following steps describe how to homogenize adipose tissues using a glass Dounce

homogenizer.

1. Transfer 400 mg of gonadal adipose tissue (or 100 mg of inguinal adipose tissue) to a pre-cooled

Petri dish on ice (Figure 1A).

2. Add 500 mL of NIB and mince the tissue thoroughly (<1 mm3) using a scalpel (Figures 1B and 1C).

CRITICAL: Nuclei yield will be reduced if the tissue is not finely minced.

3. With the scalpel, transfer the minced adipose tissue to a pre-cooled 2 mL glass Dounce homog-

enizer on ice (Figure 1D).

Continued

Reagent Final concentration Amount

MgCl2 (150 mM) 1.5 mM 10 mL

KCl (2 M) 10 mM 5 mL

IGEPAL CA-630 (1%) 0.001% 1 mL

DTT (0.1 M) 0.2 mM 2 mL

RNase inhibitor (40,000 U/mL) 0.5 U/mL 12.5 mL

DEPC-treated water N/A 459.5 mL

Total N/A 1 mL

Nuclei resuspension buffer (NRB)

Reagent Final concentration Amount

BSA in 13 PBS (5%) 1% 200 mL

MgCl2 (150 mM) 2 mM 13.3 mL

RNase inhibitor (40,000 U/mL) 0.04 U/mL 1 mL

PBS (13) N/A 785.7 mL

Total N/A 1 mL
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4. Homogenize the tissue to release nuclei by applying 5 strokes with pestle A (loose) followed by 5

strokes with pestle B (tight) (Figures 1E and 1F).

CRITICAL: Homogenize carefully to minimize generation of heat and foam, which will

impact nuclei intactness.

Note: For adipose tissues from obese mice, use the same amount of tissue as for lean tissues,

but homogenize in a total volume of 1 mLNIB and apply 10 strokes with pestle A followed by 5

strokes with pestle B.

5. Pre-wet a 70 mm cell strainer with DEPC-treated water.

6. Filter the homogenate through the pre-wetted cell strainer into a pre-cooled 50 mL tube on ice.

7. Wash the Dounce homogenizer with 1 mL NIB and filter through the same cell strainer.

8. Transfer the filtered homogenate to a pre-cooled 5 mL DNA Low binding tube on ice using a

P1000 pipette.

9. Wash the cell strainer with 1mLNIB and add to the filtered homogenate in the 5mL tube to a total

volume of �2.5 mL using a P1000 pipette (Figure 1G).

Figure 1. Adipose tissue homogenization

(A) Gonadal adipose tissue prior to mincing (step 1).

(B) Gonadal adipose tissue coarsely minced (step 2).

(C) Gonadal adipose tissue finely minced (step 2).

(D) Minced gonadal adipose tissue transferred to a 2 mL Dounce homogenizer (step 3).

(E) Gonadal adipose tissue Dounce homogenized lightly using only pestle A (step 4).

(F) Gonadal adipose tissue after Dounce homogenization using both pestle A and B (step 4).

(G) Gonadal adipose tissue homogenate after filtration (steps 5–9).
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Isolation of nuclei

Timing: 1–2 h

The following steps describe how to use centrifugation to isolate nuclei from the adipose tissue

homogenate.

10. Centrifuge the homogenate at 10003g for 10 min at 4�C using a fixed-angled rotor (Figure 2A).

Note: Nuclei are located as a smear along the side of the 5 mL tube.

11. Aspirate the lipid layer using a vacuum pump (Figure 2B).

CRITICAL: Only remove the top lipid layer. Do not remove the entire supernatant, as this

will lead to loss of nuclei.

12. Resuspend the pellet in the remaining supernatant using a P1000 pipette and transfer the resus-

pended nuclei to a new pre-cooled 5 mL DNA Low binding tube on ice.

13. To make sure that all nuclei are transferred, wash the first 5 mL tube twice with 1 mL NIB and

transfer any remaining nuclei to the new 5 mL tube containing the resuspended nuclei using a

P1000 pipette (Figure 2C).

14. Pellet the nuclei by centrifuging at 5003g for 10 min at 4�C using a swing-bucket rotor (Fig-

ure 2D).

15. Aspirate the supernatant.

a. Use vacuum aspiration to remove most of the supernatant (leave 80–100 mL supernatant) and

remove remaining supernatant with a P100 pipette.

CRITICAL: Be careful not to disturb the nuclei pellet.

16. Resuspend the nuclei pellet in 100 mL NRB by pipetting using a regular P1000 pipette.

17. Pre-wet a 40 mm tip strainer with NRB.

Figure 2. Isolation of nuclei

(A) Filtered gonadal adipose tissue homogenate following initial centrifugation using a fixed-angled rotor with a top lipid layer (top arrow). Nuclei are

located as a smear along the side of the tube (below bottom arrow) (step 10).

(B) Adipose tissue homogenate with top lipid layer removed (step 11).

(C) Resuspension of nuclei in remaining supernatant + additional NIB (steps 12 and 13).

(D) Nuclei pellet located at the bottom of the tube (arrow) after second centrifugation using a swing-bucket rotor (step 14).

(E) Nuclei after removal of supernatant, resuspension in NRB and filtration (steps 15–18).
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18. Filter the nuclei through the pre-wetted tip strainer using a P1000 pipette into a pre-cooled

1.5 mL DNA Low binding tube on ice (Figure 2E) to remove any remaining debris and avoid

nuclei aggregation.

Note: The nuclei concentration will decrease by 30%–40% following filtration.

19. Proceed to nuclei counting using a Bürker counting chamber and Trypan Blue.

a. Mix nuclei and Trypan Blue in equal ratio in a separate tube.

b. Transfer 10 mL of the nuclei-Trypan Blue solution to the Bürker counting chamber.

c. Count at least 3 squares using bright-field microscopy and quantify the nuclei concentration.

Nuclei

mL
=

P
nuclei count in n squares

n
3104 3 2

Note: If nuclei are diluted while counting, multiply the equation for calculating the concentra-

tion of nuclei with the dilution factor.

CRITICAL: Verify that nuclei are mostly intact and not clumping (Figures 3A and 3B). Note,

that intact nuclei isolated from adipose tissues have a heterogenic morphology.

10x Genomics single-nucleus RNA sequencing

Timing: 2–3 days

The following steps describe how to partition nuclei into barcoded gel bead droplets using 103Ge-

nomics v3.1 chemistry and library preparation for Illumina sequencing.

20. Immediately following nuclei counting, take out 12,000 nuclei and resuspend in NRB in a new

pre-cooled 1.5 mL DNA low binding tube on ice to a total volume of 43.2 mL.

Note: Here, we used 12,000 nuclei as input for 103Genomics-based snRNA-seq aiming at an

initial recovery of 7,000–8,000 nuclei. Following quality control, nuclei recovery will be further

reduced, as nuclei with poor quality metrics, e.g., low number of UMIs and transcripts, are

excluded. For details concerning quality control steps of the snRNA-seq data, refer to Sárvári

et al., 2021.

Figure 3. Nuclei isolated from epididymal adipose tissue

Nuclei isolated from epididymal adipose tissue and stained with Trypan Blue (A) or DAPI (B). Nuclei are imaged at 203

magnification. Scale bars represent 100 mm.
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21. Load nuclei into the 103 Genomics Chromium Controller and run according to the recommen-

dations of the manufacturer (https://support.10xgenomics.com/single-cell-gene-expression/

index/doc/user-guide-chromium-single-cell-3-reagent-kits-user-guide-v31-chemistry-dual-index;

steps 1 and 2).

22. Dual-indexed paired-end sequencing libraries are prepared for Illumina sequencing according

to the recommendation of the manufacturer (https://support.103genomics.com/single-cell-

gene-expression/index/doc/user-guide-chromium-single-cell-3-reagent-kits-user-guide-v31-

chemistry-dual-index; step 3).

Note: For indexing, it is possible to run the sample index PCR step using half sample volumes

with a total reaction volume of 50 mL (25 mL AmpMix to 15 mL sample (post ligation) and 10 mL

of individual Dual Index TT Set A). The remaining sample can be stored at�20�C up to at least

a month and used for another round of sample index PCR if needed, e.g., for adjusting the

total number of PCR cycles prior to sequencing.

23. Each library is sequenced using an Illumina NovaSeq 6000 sequencer, aiming at a read coverage

of 30,000–50,000 read pairs per droplet (250 million reads in total).

EXPECTED OUTCOMES

From 100 mg of snap-frozen inguinal adipose tissue or 400 mg of snap-frozen gonadal adipose tis-

sue isolated from a lean mouse, the nuclei yield is typically 200,000–700,000 nuclei. From snap-

frozen WAT from obese mice, the nuclei yield is approximately 25% of that from snap-frozen WAT

from lean mice. This is anticipated, as adipose tissues from obese mice are heavily expanded and

only a fraction of the tissue is used for nuclei isolation. However, the yield can be increased by per-

forming multiple rounds of nuclei isolation of WAT from the same mouse using the indicated mate-

rial amount for each isolation round.

By performing snRNA-seq on epididymal adipose tissues from lean and obese C57BL/6J mice using

103 Genomics-based technology, we were able to recover all major cell types in epididymal WAT

(Figure 4A). The expression pattern of Pparg, encoding the peroxisome proliferator-activated recep-

tor g (PPARg), a master regulator of adipogenesis, which is also expressed in macrophages (Lefter-

ova et al., 2014), verifies the capture of adipocytes as well as Pparg-positive immune cells (Figure 4B).

For details concerning processing and quality control steps of the snRNA-seq data, refer to

Figure 4. snRNA-seq from epididymal adipose tissue

(A) UMAP plot of cell types identified in the epididymal adipose tissue using snRNA-seq. Figure reprinted with

permission from Sárvári et al., 2021.

(B) UMAP plot showing Pparg expression across epididymal adipose tissue cell types.
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Sárvári et al., 2021 and best practices in single-cell/nucleus RNA-seq analyses (Luecken and Theis,

2019; Stuart et al., 2019).

LIMITATIONS

Similar to what is the case for single-cell approaches, it cannot be excluded that single-nucleus isola-

tion introduces cell type-specific biases. Generally, however, single-nucleus approaches are consid-

ered to lead to fewer biases than single-cell approaches, as the isolation of nuclei does not rely on

tissue disintegration (Denisenko et al., 2020). A trade-off for single-nucleus approaches is that the

contamination with ambient RNA can be significantly higher compared to single-cell approaches

and must be controlled for in the data analysis pipeline. Failure to do that may lead to spurious

cell type annotations.

TROUBLESHOOTING

Problem 1

Low nuclei yield.

Potential solution

Solution 1: Insufficient tissue mincing may lead to poor nuclei recovery. To avoid this, make sure that

the tissue is very finely minced before proceeding with homogenization (step 2). For small amounts

of adipose tissues (<400 mg of gonadal or <100 mg of inguinal WAT), it may be necessary to

decrease the volume for homogenization to increase nuclei yield.

Solution 2: Both insufficient and excessive homogenization (step 4) can lead to a lower nuclei recov-

ery. The nuclei yield is dependent on the number of strokes that is applied while disintegrating the

tissue. Nuclei release can be evaluated microscopically during the homogenization steps to ensure

that a sufficient, but not excessive, number of strokes is applied.

Solution 3: After the initial centrifugation step, nuclei are located as a smear along the side of the

tube. Removing too much supernatant may disturb the smeared nuclei pellet, thus leading to nuclei

loss. Be sure to only remove the top fat layer (step 11). Following the second centrifugation step,

nuclei are pelleted at the bottom of the tube. Remove as much supernatant as possible without dis-

turbing the nuclei pellet (step 15).

Solution 4 (steps 1–6): If the tissue is sufficiently large, it can be divided in adequate portions (400mg

of gonadal or 100 mg of inguinal WAT), which are homogenized separately but are filtered (step 6)

into the same 50 mL tube after which the pooled homogenate is processed as one sample.

Problem 2

Low nuclei concentration.

Potential solution

For 103 Genomics single-nucleus studies, lowly concentrated nuclei samples may not allow for

loading of the desirable number of nuclei onto the 103 chip. The nuclei concentration can be

increased by resuspending the final nuclei pellet in a lower volume (steps 16–18) (we have success-

fully resuspended and filtered nuclei in a volume down to 60 mL).

Problem 3

Poor nuclei morphology (Figure 5).

Potential solution

Maintaining nuclei intactness is especially important for single-nucleus transcriptomics, as nuclei

with a poor morphology are likely to leak transcripts that will contribute to ambient RNA.
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Solution 1: Excessive homogenization may impact the integrity of the nuclei negatively.

To avoid this, Dounce homogenize gently on ice and/or reduce the number of strokes

(step 4).

Solution 2: Harsh pipetting may impact the integrity of the nuclei. To avoid this, pipette gently on ice

and/or use wide-bore tips (steps 12 and 13).

Solution 3: As an alternative method, flow cytometry techniques may be used to enrich for intact

nuclei (Sun et al., 2020).

Problem 4

Nuclei are aggregating (Figure 6A).

Potential solution

This problem can be caused by inappropriate handling of the nuclei during several steps of the

nuclei isolation procedure.

Solution 1: Highly concentrated nuclei (above 5,000 nuclei/mL according to 103 Genomics),

and nuclei that are not intact (troubleshooting, problem 3), may lead to clumping. To avoid

this, resuspend nuclei in a larger volume and resuspend thoroughly followed by filtration (steps

16–18).

Solution 2: Insufficient tissue lysis may cause nuclei to aggregate with remaining tissue or cell debris.

To avoid this, increase the number of strokes while homogenizing (step 4) and evaluate lysis micro-

scopically to ensure sufficient tissue disintegration.

Problem 5

Presence of debris (Figure 6B).

Potential solution

The first filtration step (steps 5 and 6) removes most of the debris. However, smaller debris material

might be present following filtration. The final filtration step (steps 17 and 18) serves to remove any

remaining debris that otherwise can lead to clogging of the microfluidics system of the 103

Figure 5. Poor nuclei morphology

Trypan Blue-stained nuclei isolated from epididymal

adipose tissue with poor intactness. Nuclei are

imaged at 603 magnification. The scale bar

represents 50 mm.
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Genomics Chromium Controller. However, if debris is still present, it is possible to exchange the

70 mm cell strainer (steps 5 and 6) with a cell strainer having a smaller mesh size (<70 mm). However,

this may negatively affect the nuclei yield.

RESOURCE AVAILABILITY

Lead contact

Further information and requests for resources and reagents should be directed to and will be ful-

filled by the lead contact, Susanne Mandrup (s.mandrup@bmb.sdu.dk).

Materials availability

This study did not generate new unique reagents.

Data and code availability

This study did not generate any unique dataset or code.
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Trypan Blue-stained nuclei isolated from epididymal adipose tissue that are clumping to other nuclei (A) or remaining

cell debris (B). Nuclei are imaged at 203 magnification. Scale bars represent 100 mm.
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