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Abstract

Brown adipose tissue (BAT) regulates metabolic physiology. However, nearly all mechanistic
studies of BAT protein function occur in a single inbred mouse strain, which has limited
understanding of generalizable mechanisms of BAT regulation over metabolism. Here we perform
deep quantitative proteomics of BAT across a cohort of 163 genetically defined Diversity Outbred
mice, a model that parallels the genetic and phenotypic variation found in humans. We leverage
this diversity to define the functional architecture of the outbred BAT proteome, comprising
10,479 proteins. We assign co-operative functions to 2,578 proteins, enabling systematic discovery
of regulators of BAT. We also identify 638 proteins that correlate with protection from, or
sensitivity to, at least one parameter of metabolic disease. We use these findings to uncover
SFXNS5, LETMD1, and ATP1A2 as modulators of BAT thermogenesis or adiposity, and provide
OPABAT as a resource for understanding conserved mechanisms of BAT regulation over
metabolic physiology.

In Brief

A mass spectrometry and network analysis approach leverages the natural genetic, proteomic,
and phenotypic diversity found in the brown adipose tissue of outbred populations to annotate
thousands of regulatory proteins of metabolic physiology.

Graphical Abstract
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Introduction

Metabolic diseases are among the most common human pathologies and exhibit variable
penetrance in the population. Genetic variation is a major factor determining sensitivity to,
or protection from, metabolic diseases (Barroso and McCarthy, 2019; Speliotes et al., 2010).
Genetic differences lead to altered protein abundance or function, which affects sensitivity
to environmental drivers of pathogenesis. Brown adipose tissue (BAT) and beige fat harbor
distinct proteomes that can coordinate rapid catabolism of energy sources in futile cycles.
For this reason, BAT thermogenic proteins have been widely studied for their capacity to
regulate energy expenditure, systemic metabolism, and metabolic disease (Chouchani et al.,
2019; Muller et al., 2016; Wang and Seale, 2016). BAT catabolic activity in human is highly
variable and exhibits strong negative correlations with metabolic disease parameters (Becher
et al., 2021). As such, understanding the molecular basis governing the divergence of BAT
function across a genetically diverse population could yield insights into common regulators
of metabolic disease.

In human populations, determining the molecular basis for differences in BAT function
and metabolic disease sensitivity is limited by confounding lifestyle and environmental
covariates. Therefore, characterization of BAT function and physiology has relied largely
on the use of murine models. However, most studies characterizing BAT molecular biology
and physiology over the last half century have used a single strain, C57BL/6. Although
convenient, the substantial heterogeneity of BAT function and metabolic disease sensitivity
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exhibited by outbred populations is completely lacking in C57BL/6. Moreover, lack of
biological variation in an isogenic cohort hinders discovery of orphan protein functions
through analysis of co-variance with proteins of known function (Kustatscher et al., 2022a).
Currently, most BAT proteins are not unambiguously annotated to a biological function or
pathway (Ashburner et al., 2000; Gene Ontology, 2021; Giurgiu et al., 2019; Kanehisa et
al., 2021; Ruepp et al., 2010; UniProt, 2021). It stands to reason that detailed molecular and
functional analysis of BAT in defined outbred populations would improve the understanding
and translational potential of this tissue.

Recent advances in quantitative mass spectrometry have enabled comprehensive proteomics
in genetically diverse samples (Chick et al., 2016; Keele et al., 2021). Here we perform deep
quantitative multiplexed proteomics of BAT across 163 fully genotyped Diversity Outbred
(DO) mice (Figure 1A), a population model that parallels the genetic and phenotypic
variation found in humans (Chick et al., 2016; Churchill et al., 2012; Saul et al., 2019).

This dataset presents the deepest quantitative proteome landscape in BAT and captures over
100-fold deeper coverage of strain diversity of the BAT proteome than is currently known, in
a phenotyped population. We leverage this dataset to define the functional Outbred Proteome
Architecture of BAT (OPABAT), providing four “modules” for the research community:

Module 1: Proteome architecture to annotate biological function of BAT proteins.

We develop a systematic co-expression network to define the architecture of the outbred
BAT proteome. We assign co-operative functions to 2,578 proteins with 780 established
protein networks, in order to systematically annotate regulators of BAT function. We use
this approach to show that two understudied proteins, LETM1 domain-containing protein
1 (LETMD1) and sideroflexin-5 (SFXNS5), are key modulators of the widely studied
thermogenic protein uncoupling protein 1 (UCP1).

Module 2: Strain selection for modeling metabolic phenotypes.

We perform Quantitative Trait Locus (QTL) mapping for 8,923 proteins and 33 metabolic
phenotypes, and quantify founder strain allelic contributions to phenotypes. This analysis
scores 42 commercially available mouse strains that are most likely to exhibit specific
metabolic phenotypes or BAT protein expression levels, providing a resource for rational
selection of mouse strains.

Module 3: Discovery of BAT proteins that correlate with metabolic physiology and disease.

We identify 638 proteins that underlie protection from, or sensitivity to, at least one

of 19 different metabolic disease parameters. Some of these proteins already have well-
characterized roles in BAT biology and metabolic disease, while most do not. These
assignments provide a repertoire of targets for mechanistic investigation. From this basis,

we discover that the Na*/K*-ATPase a2 subunit is an in inhibitor of brown adipocyte energy
expenditure, through antagonism of calcium influx-dependent activation of thermogenic
effectors.

Cell. Author manuscript; available in PMC 2023 November 23.
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Module 4: Mapping BAT protein targets relevant to outbred human physiology and

disease.

We determine the relevance of OPABAT protein-phenotype correlates in human metabolic
physiology by mapping tissue enrichment, phenotypic correlations, and disease network
involvement in human cohorts. This creates a roadmap to evaluate the translational value of
OPABAT protein targets in human.

Together, we provide OPABAT (wren.hms.harvard.edu/opabat/) as a resource for
understanding conserved mechanisms of BAT regulation over metabolic physiology.

Results and discussion

Defining the genotypes, phenotypes, and BAT proteomes of a DO cohort

Our discovery cohort comprised 163 fully-genotyped female DO mice. The genetic diversity
of the DO cohort is in great excess of standard isogenic mouse strains, and parallels

the human population (Figure 1B and S1A) (Bergstrom et al., 2020; Frazer et al., 2007,

Saul et al., 2019; Simon et al., 2013; Yang et al., 2011). This cohort was analyzed for

major metabolic phenotyping parameters associated with obesity and BAT function, under
baseline conditions and during 8-weeks of high fat diet (HFD) feeding at thermoneutrality
(TN) (Figure 1C and Methods). Interscapular BAT from all mice were isolated for mass-
spectrometry (MS)-based proteomics analysis. Mice possess numerous adipose depots that
contain thermogenic adipocytes, both brown and beige. In mice housed at thermoneutrality,
interscapular BAT represents the most robust and homogeneous source of thermogenic
adipocytes, which closely recapitulate the thermogenic function of the corresponding human
cells (de Jong et al., 2019; Roh et al., 2018; Shinoda et al., 2015). For this reason, we
selected interscapular BAT for proteomic characterization.

Outbred proteomics has been a major technical challenge due to technical variability
inherent to large sample sizes and peptide sequence heterogeneity. To address this, we

used sample multiplexing afforded by TMTpro 16-plex reagents and the current most
advanced instrumentation for protein quantification (Figure 1D&S1B). We performed /n
sificowhole proteome digestion of the eight founder strains from which DO mice are
generated (Churchill et al., 2012), to obtain a database containing peptides shared by all
genetic founders for peptide filtering (Figure S1C). To test the robustness of this strategy,
we randomly selected thirteen BAT proteomes from the DO cohort to measure in triplicates,
within the same TMT plex and across 12 separate TMT plexes. We observed no sample
clustering attributable to TMT batch (Figure SID&E), and low technical variability (Figure
S1F&G). These results demonstrate that the above approach allows for accurate quantitation
of outbred BAT proteomes.

Using the workflow described above, we quantified 10,479 proteins with high confidence

in the entire DO cohort (Table S1), of which ~70% were quantified in every mouse (Figure
S1H). Every TMT plex quantified an average of ~9,000 proteins in BAT (Figure S11-K).
This proteome coverage in mouse BAT is 34—74% higher than those in previous reports
(Figure 1E) (Hu et al., 2020; Huttlin et al., 2010; Kazak et al., 2015; Kazak et al., 2017b;
Kazak et al., 2019; Li et al., 2020a; Williams et al., 2018; Yu et al., 2020; Zeng et al., 2019),

Cell. Author manuscript; available in PMC 2023 November 23.
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with ~10 fold more low-abundance proteins quantified (Figure 1F&S1L). Unlike previous
proteomic efforts, here we quantified proteins in an outbred cohort, which manifests genetic
perturbations that generate protein expression variability consistent within the bounds of

a natural population. The substantial variation in protein abundance within the DO cohort

is much less pronounced in isogenic cohorts (Figure SIM), which allowed us to derive co-
variations to systematically define co-regulatory protein interactions and construct OPABAT.

Module 1: Co-expression network analysis to define OPABAT

While many BAT proteins have been extensively studied (Chouchani et al., 2019; Muller
etal., 2016; Wang and Seale, 2016), the large majority of the 10,479 proteins quantified in
OPABAT were not unambiguously annotated to a specific complex or biological function
(Ashburner et al., 2000; Gene Ontology, 2021; Giurgiu et al., 2019; Kanehisa et al., 2021;
Ruepp et al., 2010; UniProt, 2021) (Figure S2A & Table S1). Functional proteomics has
emerged as a tool to annotate understudied proteins through assessing protein co-regulation
(Kustatscher et al., 2022a, b). This principle relies on assessing correlation in abundance of
proteins across heterogeneous populations, and has been applied for robust identification

of coordinated protein functions, and protein complexes and pathways (Bludau, 2021;
Kustatscher et al., 2019; Romanov et al., 2019; Stalder et al., 2020). Here we leveraged

the deep OPABAT proteome to systematically annotate protein functions based on correlated
expression. Like previous studies (Antonicka et al., 2020; Li et al., 2019; Nusinow et

al., 2020), we calculated Pearson correlation between the expression profiles of every
possible pair of proteins as a measurement of protein-protein association (Figure 2A). These
associations were then filtered to < 5% false discovery rate (FDR) (Strimmer, 2008a, b),
resulting in a network containing 160,364 significant protein-protein correlations (termed
“edges”, Table S2).

We first annotated this architecture by investigating mechanisms that might be responsible
for significant correlations (Figure 2B). We superimposed our network onto Bioplex (Huttlin
et al., 2021) and CORUM (Giurgiu et al., 2019), which contain high-confidence protein
physical interactions and complexes (Figure 2B, Table S2). A total of 10,773 (6.7%)

edges in the OPABAT network were explained by known physical interactions, which

fully recapitulated 102 CORUM complexes (Figure S2B). Examples of fully and partially
recapitulated complexes are displayed in Figure 2C & Figure S2C. Many of the partial
networks were attributable to known transient or tissue-specific protein complexes that
appear not to recapitulate in BAT (Chen et al., 2001; Staals et al., 2010). To enable more
extensive investigation, we also compiled physical interactions in BioGRID (Oughtred et
al., 2019), STRING (Szklarczyk et al., 2017), and MINT (Calderone et al., 2020). Overall,
17,499 (10.9%) edges were explained by known physical interactions. In addition, we
investigated edges that could be explained by concerted activity in a common biological
process (Ashburner et al., 2000; Gene Ontology, 2021; Jassal et al., 2020; Kanehisa et

al., 2021; Thul et al., 2017), which additionally annotated 49,205 edges. Most physical
interactions (79%) were also identified in coordinated pathways (Figure S2D), including
metabolic pathways such as the TCA cycle (Figure 2D). Overall, 41.6 % of the co-operative
edges in OPABAT were annotated based on literature evidence (Figure 2B, Table S2). This

Cell. Author manuscript; available in PMC 2023 November 23.
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demonstrated that co-operative network analysis of outbred proteomes produces a robust
architecture based on shared biological activities of proteins.

OPABAT systematically annotates biological function of BAT proteins

In addition to reconstructing hundreds of established protein networks, we also identified
93,660 correlations that were previously undescribed. We next systematically annotated
protein biological functions based on protein co-operativity. The existence of co-operative
protein interactions with known complexes or pathways was determined by scoring the
enrichment of co-operative edges (Figure 2E & Methods) (Huttlin et al., 2020). In total,
we identified 515 out of ~3,500 CORUM core complexes that harbor 1,736 co-operative
proteins in OPABAT (Figure 2F). Prominent examples include co-operative network
members with the proteasome subunits and the mTORC1 complex (Figure 2G&S2E). To
validate our results, we queried these interactions for experimental evidence that could
support physical interactions between the protein and the complex (Huttlin et al., 2021),
and annotated 923 co-operative events. The total number of co-operative proteins vary
greatly across different complexes (Figure 2F, Table S3). In parallel, we also identified 2,345
proteins associated with 265 established KEGG pathways (Figure S2F, Table S3).

Systematic determination of 2,578 proteins (24.6% of OPABAT proteome coverage)
exhibiting co-operativity with established protein networks provides a clear rationale for
illuminating biological functions for these targets. We therefore next investigated whether
newfound co-operative proteins could be used as a basis to identify regulators of BAT
thermogenic function. To do so, we examined co-operative partners with proteins that have
well-established roles in thermogenesis (Figure 2H&S2G). Among the most widely studied
thermogenic proteins is UCP1, which is exclusively expressed in brown and beige fat (Ikeda
etal., 2018). UCP1 is a major effector of thermogenic respiration and thought to contribute
to the protective activity of BAT against metabolic disease (Chouchani et al., 2019).

UCP1 abundance and activity are subject to strict upstream regulation, but the proteins

that maintain UCP1 abundance and activity remain poorly characterized. Interestingly, our
network analysis revealed 84 proteins that exhibit significant co-operativity with UCP1,

of which only 14 have previously been associated with UCP1 (Ashburner et al., 2000;
Kanehisa et al., 2021) (Figure 21, Table S2). Among the strongest co-operative interactions
with UCP1 were two largely uncharacterized proteins: LETMD1 and SFXNS5 (Figure 21).

LETMD1 is a regulator of UCP1 abundance and BAT thermogenesis

LETMD1 is highly co-operative with UCP1 in outbred BAT (Figure 3A). On this basis, we
explored the role of LETMD1 in UCP1 function and BAT activity. We first confirmed the
existence and high relative abundance of LETMD1 isoform 1, which drove the correlation
with UCP1 (Figure S3A-C). We then examined the tissue expression of LETMD1 and
observed that like UCP1, it is selectively expressed in BAT and beige fat (Figure 3B).
Moreover, like UCP1, LETMD1 expression was cold-inducible in BAT and it was localized
to the mitochondrial inner membrane in brown adipocytes (Figure 3C-F). Based on this, we
generated LETMD1 knockout mice to explore possible regulation of UCP1 by LETMD1
(Figure S3D). Remarkably, loss of LETMD1 resulted in an abrogation of UCP1 protein

in BAT and whitening of BAT (Figure 3G&H & Figure S3E&F). Moreover, depletion
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of LETMD1 in differentiated brown adipocytes significantly compromised thermogenic
capacity (Figure 31), which coincided with the highly selective loss of UCP1 protein (Figure
3J&K), independent of effects on expression of other thermogenic factors or mitochondrial
respiratory chain complexes (Figure S3G-K). Indeed, mice lacking LETMD1 also exhibited
severely compromised capacity for BAT-dependent adaptive thermogenesis (Figure 3L-N).
These findings agree with reports published when this study was under review, which also
illustrated a critical role for mitochondrial LETMDL in regulating BAT thermogenesis (Choi
etal., 2021; Snyder et al., 2021). Together, our data identify LETMD1 as a regulator of
UCP1 abundance and adaptive thermogenesis in BAT, and demonstrate how co-operative
network analysis of the outbred BAT proteome can be used to identify biological roles for
poorly characterized proteins.

SFXNS5 is a regulator of UCP1-dependent thermogenesis by supporting mitochondrial
glycerol-3-phosphate utilization

SFXNS is a poorly understood mitochondrial membrane protein with no known role in

BAT (Tifoun et al., 2021). In OPABAT, SFXNS5 exhibited the highest proteome-wide co-
operativity with UCP1 (Figure 30) while SFXN1-4 were not significantly correlated with
UCPL1 (Table S2). Like UCP1 and LETMD1, SFXN5 was highly expressed in BAT (Figure
S3L) (Geiger et al., 2013), and its transcript expression was highly cold-inducible (Figure
S3M) (Roh et al., 2018). Moreover, we found that SFXN5 localization was restricted to

the inner mitochondrial membrane, where UCP1 is located (Figure 3F & S3N&O). These
data led us to hypothesize that SFXNS5 regulates UCP1-dependent thermogenesis in BAT.
To test this, we depleted SFXNS5 in differentiated primary brown adipocytes, which led to
significantly compromised thermogenic capacity without affecting UCP1 abundance (Figure
3P-R). Knockdown of SFXN5 in mouse BAT attenuated whole body thermogenic responses
upon exposure to cold (Figure 3S&T & S3P). Since SFXNS5 is a mitochondrial protein

that inhibited thermogenic respiration without affecting UCP1 protein levels, we examined
whether SFXN5 regulates mitochondrial metabolic processes crucial to support UCP1-
dependent thermogenesis. We applied a rapid mitochondria immunopurification method
(Chen et al., 2016) (Figure S3Q&R) in wildtype and SFXN5KP differentiated primary
brown adipocytes following adrenergic stimulation to identify mitochondrial metabolic
processes that rely on SFXN5 (Figure 3U). This analysis determined that glycerol-3-
phosphate (G3P) levels were significantly depleted following knockdown of SFXNS5 (Figure
3V). This observation agreed with our co-operative network analysis that additionally
defined SFXNS5 as a novel co-operative protein of the glycerophospholipid metabolism
pathway (Figure 2E & Figure 3W, Table S3), through which G3P is metabolized. G3P is
known to support UCP1-mediated thermogenic respiration (Shabalina et al., 2013; Shabalina
et al., 2014), and our data suggested that SFXN5 was involved in this process. To examine
this further, we measured substrate utilization capacity of isolated mitochondria from
differentiated primary brown adipocytes and found that depletion of SFXNS5 led to lowered
capacity of mitochondria to utilize G3P, while having no significant effect on pyruvate
linked respiration (Figure 3X & S3S&T). Together, our data suggest that SFXN5 regulates
UCP1-dependent thermogenic respiration through supporting mitochondrial metabolic
utilization of G3P. This validation provides another demonstration of how OPABAT can

be used to generate testable hypotheses to identify biological roles for orphan proteins.
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Module 2: Mapping phenotypic variation in the DO cohort

We quantified 33 major metabolic parameters associated with obesity and BAT function,
under baseline conditions and during 8 weeks of HFD feeding (Figure 4A and S4A, Table
S4). We found that the DO cohort exhibited significant phenotypic heterogeneity for many
of the major physiological parameters associated with metabolic disease (Figure 4A). A
notable example was found in the case of the adiposity response to HFD, whereby some
mice became severely obese after HFD intervention, while others exhibited significant
resistance to obesity (Figure 4A and Figure S4A). This variability greatly exceeds that
observed in C57BL/6J mice of similar age groups under HFD (Figure S4B) (Bogue

et al., 2020). Interestingly, across the cohort, certain phenotypic parameters correlated
more strongly than others with each other (Figure S4C). We evaluated the extent to

which the phenotypic variation in OPABAT reflects that found in human populations. We
examined phenotypic data gathered from a cohort of 1,281 non-smoking patients (male=223,
female=1,058) with confirmed presence of BAT and without stage-4 cancer or other severe
metabolic disease (Becher et al., 2021). We found that both male and female humans
exhibited a similar degree of variation in BAT activity and most metabolic phenotypes
(Figure SAD). Moreover, phenotypic variation in OPABAT parallels those shown in human
populations (Figure S4E), demonstrating that the DO model harbors sufficient variation to
derive co-variation for analysis of molecular drivers of phenotypic outputs.

OPABAT informs mouse strain selection

By combining genetic, proteomic, and phenotypic layers of OPABAT, we generated a
molecular basis for phenotype diversity across outbred mice. We performed Quantitative
Trait Locus (QTL) mapping (Rockman and Kruglyak, 2006) for each of the 33

metabolic phenotypes (Figure 4B&C, Table S4). Through determining founder strain allelic
contributions to 29 QTLs with logarithm of the odds (LOD) > 6, we generated a resource

to guide selection across 168 commercially available collaborative cross (CC) and founder
mouse strains to study specific BAT-dependent phenotypic outputs (Table S4). Mapping was
performed by classifying mouse haplotypes into one of eight founder homozygous allelic
states based on their genotype probabilities at a given QTL (Methods). For example, we
scored many strains across a spectrum of resting energy expenditure (VO, cold/day; Figure
4D-F). We also investigated strains that are most likely to exhibit predisposition or resistance
to obesity (Figure 4G). We found that NZO/HILtJ (known as the New Zealand Obese)
founder allelic effects contributed the most positively to predisposition to obesity, whereas
129S1/SvimJ was the strongest negative contributor (Figure 4H&I). CC001/UncJ, CC005/
TauUncJ, CC009/UncJ, CC025/GeniUncJ, CC043/GeniUnc), and CC068/TauUncJ strains
are homozygous for the NZO/HILtJ allele at this location and along with the NZO/HILtJ
founder are the top candidates for obesity predisposition models (Figure 41).

We extended this analysis to determine mouse strains that could express specific proteins
of interest in BAT. To do so, we mapped BAT protein QTLs (pQTLs), identifying 2,046
pQTLs at a genome-wide significance level of p< 0.05 (1390 local vs. 656 distant, Figure
SAF&G, Table S4). For instance, distant pQTLs for UCP1 and LETMD1 were mapped

to the 89.47 Mb position on chromosome 11 (Figure S4H). On this basis, we determined
founder strain allelic effects on UCP1 expression (Figure 4J-L). NZO/HILtJ founder allelic
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effects contributed the most negatively to the expression of UCP1 (Figure 4K&L). The

CC strains that are homozygous at this allele are CC003/UncJ, CC005/TauUncJ, CC011/
UncJ, CC042/GeniUncJ, and CC068/TauUncJ (Figure 4L). These strains are also the

top candidates to express low levels of LETMD1 in BAT (Figure S41&J). Overall, we
determine 42 commercially available strains that are most likely to exhibit specific metabolic
phenotypes or protein expression levels.

Module 3: BAT protein determinants of metabolic disease in outbred mice

We next leveraged OPABAT to identify protein regulators of metabolic disease. We
systematically determined correlations between protein expression and phenotypic data
(Figure S5A), discovering several hundreds of proteins that significantly correlated with

at least one phenotypic parameter (Figure 5A, Table S5). While some proteins shared
correlation with multiple phenotypic parameters, many are unique to each parameter (Figure
5B). These findings suggest that distinct protein pathways could regulate specific features
of BAT function, for example differentiating capacity for BAT to regulate response to cold
exposure versus resistance to adiposity.

Our analysis identified several protein-physiological correlates for proteins known to play
roles in BAT function, obesity, and metabolic disease (Figure 5C-K). For instance, two
proteins exhibiting the strongest correlations with adiposity under HFD were leptin and
NPR3. Leptin is a widely studied hormone that regulates food intake and body weight
(Izquierdo et al., 2019; Zhang et al., 1994). Obese subjects exhibit high circulating levels
of leptin and leptin resistance (Izquierdo et al., 2019). Indeed, we found that leptin in

BAT is positively correlated with body weight, fat mass, and % body fat in the DO
population (Figure 5C,D,F&H). Another top protein correlate, NPR3, is the clearance
receptor of natriuretic peptides (NPs). NPs stimulate lipolysis in adipocytes and promote
thermogenesis in brown and beige fat (Bordicchia et al., 2012). In BAT, NPR3 antagonizes
NP signaling through NPR1 to suppress thermogenesis. Indeed, mice with adipose tissue-
specific knockout of NPR3 exhibit increased energy expenditure and are resistant to HFD-
induced obesity (Wu et al., 2017). Based on our findings, BAT NPR3 expression is a positive
driver of adiposity in outbred populations (Figure 5C,D,F&lI).

In inbred mice, the abundance of BAT thermogenic effector and regulator proteins are
widely used to estimate thermogenic adipocyte activity and BAT-driven protection against
metabolic disease (Chouchani et al., 2019; Ikeda et al., 2017; Kazak et al., 2015; Lodhi et
al., 2012; Rahbani et al., 2021; Rajakumari et al., 2013; Sun et al., 2021). Remarkably, we
found that, in outbred populations, the abundance of most of these factors did not correlate
with any metabolic disease parameters (Figure 5C-G & 5K&L). Contrary to prevailing
views, elevated abundance of these proteins appears to not be sufficient to elicit protection
against metabolic disease parameters by BAT. Instead, our findings suggest that, at the
level of protein expression, physiological BAT output is dictated by other components of
the BAT proteomic architecture, which perhaps should be prioritized for leveraging the
therapeutic activity of this tissue. Among the most prominent examples was ATP1A2,
ATPase Na*/K* transporting subunit a2 (Figure 5J). Abundance of ATP1A2 in BAT was the
strongest positive correlating factor with % body fat increase under HFD in the DO cohort.
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This result was confirmed using an orthogonal machine learning approach based on the
Lasso method (Figure S5B-D, Methods). Interestingly, ATP1A2 abundance also exhibited
moderate negative correlations with VO,, VCO», and EE (Figure S5E), further suggesting
an antagonistic role for ATP1A2 in BAT thermogenesis and BAT-mediated protection from
obesity. On this basis, we performed mechanistic characterization of ATP1AZ2 in relation to
BAT thermogenesis and energy expenditure, described in the section below.

Finally, we examined the contribution of cell population heterogeneity in driving phenotypic
outputs. We performed digital cytometry of our proteomics data using a well-established
algorithm (Newman et al., 2019) to deconvolute cell populations in BAT (Figure S5F-H,
Methods). We found that brown adipocyte cell content across the DO cohort was negatively
correlated with fat mass, body weight, and % body fat (Figure S51-K), which highlights a
major metabolic contribution of brown adipocyte to whole-body energy expenditure.

ATP1A2 inhibits BAT energy expenditure

The Na*/K* transporting ATPase consists of a, B, and y subunits. The a subunit
composition is derived from either ATP1A1 or ATP1A2, and ATP1A2 expression is tissue-
specific (Uhlen et al., 2015). In cardiomyocytes, increased abundance of ATP1A2 leads to
hyperpolarization of the plasma membrane potential (Doganli et al., 2012), while ATP1A2
abundance correlates negatively with CaZ* influx in cultured primary astrocytes (Golovina
et al., 2003). Depolarization of the plasma membrane is crucial for Ca2* import by voltage-
dependent calcium channels (VDCC), which is an upstream response to adrenoreceptor
agonism. Ca2* influx is known to trigger a cAMP-mediated pathway, activating lipolysis
and thermogenesis in brown adipocytes (Chen et al., 2017). Based on a role for rapid Ca2*
influx in regulating thermogenesis, we hypothesized that elevated abundance of ATP1A2
could inhibit brown adipocyte energy expenditure, through antagonism of calcium influx-
dependent activation of thermogenic effectors (Figure 6A).

To test this model, we first examined the effects of genetic manipulation of ATP1A2
abundance in mouse primary brown adipocytes (Figure 6B). Remarkably, overexpression

of ATP1A2 was sufficient to significantly blunt Ca2* influx into brown adipocytes upon
adrenergic stimulation (Figure 6C). Conversely, siRNA depletion of ATP1A2 sensitized
adipocytes to NE-dependent Ca2* influx (Figure 6D). We next examined downstream
thermogenic signaling. Using quantitative phosphoproteomics, we found that overexpression
of ATP1A2 significantly decreased phosphorylation of PKA targets following adrenergic
stimulation (Figure 6E). Moreover, NE-dependent elevation of lipolysis and thermogenic
respiration were significantly inhibited through elevation of ATP1A2 (Figure 6F&G).

Taken together, our data demonstrate that elevated abundance of ATP1A2 antagonizes the
thermogenic adrenoreceptor-mediated response in brown adipocytes. We next overexpressed
ATP1A2 in mature BAT of 8-week-old adiponectin-Cre (cyclic recombinase) C57BL/6J
mice via local delivery to BAT of adeno-associated virus (AAV) with Cre-driven expression
of ATP1A2, and monitored the obesogenic response of control and ATP1A2-overexpressing
mice under 8-week HFD and thermoneutral conditions (Figure 6H-J & S6A). We found that
elevation of ATP1A2 in BAT led to significantly higher % body fat increase in ATP1A2CEF
mice compared to GFPOE control following HFD (Figure 6K), absent differences in food
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intake or lean mass (Figure 6L&M). The difference in % body fat increase was more striking
than other measurements of adiposity (Figure 6K & S6B&C). Analysis of specific fat depots
determined that this difference was attributable to a relatively large increase in epidydimal
fat mass of the ATP1A2CF mice (Figure 6N&S6D-H). Next, we depleted ATP1A2 in

the BAT of C57BL/6J mice (Figure 60), which decreased lipid content and attenuated
whitening of BAT under HFD and thermoneutrality (Figure 6P-R). This was associated with
lower % body fat and SAT mass, among measurements of adiposity (Figure S61-Q), absent
differences in food intake or lean mass (Figure S6R&S). On molecular level, knockdown of
ATP1A2 in BAT led to elevation in expression of key effectors in fatty acid oxidation and
oxidative phosphorylation, downstream of PKA signaling in thermogenesis (Figure S6T-V).
Together, these results demonstrate that manipulation of ATP1A2 expression in BAT is
sufficient to dynamically regulate BAT function and adiposity in an obesogenic environment.
These data exemplify how OPABAT can be used to systematically identify novel regulators
of BAT-mediated protection from metabolic disease.

Module 4: OPABAT protein-phenotype correlators are recapitulated in human

We next explored the extent to which OPABAT protein-phenotype correlators are relevant
in human populations. First, we examined microarray data to compare transcript abundance
in deep neck BAT and superficial/subcutaneous SAT from 10 human patients (Table S6).
We found that the transcripts of OPABAT phenotype-correlated proteins were more highly
expressed in human BAT than SAT (Figure 7A). Next, we examined whether the protein-
phenotype correlations observed in OPABAT recapitulate in human. To do so, we collected
phenotypic and supraclavicular adipose tissue (SCVAT) transcript data from a de-identified
human cohort of 20 individuals (Table S6). SCVAT is the major site of BAT in human
(Nedergaard et al., 2007). Thirty-nine quantitative phenotypic parameters were measured in
this cohort under thermoneutral or room temperature conditions (Figure 7B), in parallel
with RNA-seq analysis of SCVAT biopsies. For each parameter that we measured in
OPABAT, we analyzed how many of the mouse protein correlators are recapitulated as
human transcript-phenotype correlators (Figure 7C&S7A, Table S6). Between 8%—-39%
protein correlators were recapitulated for human adiposity phenotypes (Figure 7D&E).

For instance, 174 OPABAT body weight correlators were recapitulated as human BMI
correlators (Figure 7F). These data demonstrated that despite potential discordance between
protein and mMRNA expression, a large portion of OPABAT phenotypic correlators were
recapitulated in human populations. We next investigated human SAT, which exhibits
capacity for inducible thermogenesis (Figure 7G). We analyzed the correlations between
phenotypes and transcripts in the SAT of a human cohort of 43 individuals (Emont et

al., 2022). Between 22% to 30% of the protein correlators of adiposity in OPABAT were
recapitulated as phenotype-transcript correlators in human SAT (Figure 7H-1&S7B), and
body mass index (BMI) was the human phenotype that enriched most of the OPABAT
correlators (Figure 7J). Together, these data strongly demonstrate that protein-phenotype
correlators identified in DO mice are recapitulated in human populations.

Lastly, we systematically explored the human disease involvement of OPABAT protein
correlators of metabolic phenotypes. We mapped these targets onto DisGeNET (Pinero et al.,
2020; Pinero et al., 2021), a comprehensive collection of established human disease-linked
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genes (Figures S7C). We identified highly significant mapping of OPABAT correlators
onto human disease networks (Figures S7C-E and Table S7), such as obesity, diabetes,

and metabolic disease-linked liver pathology (Figure S7F-J). Many of these proteins were
recapitulated as phenotype correlators in human (Figure S7F-J, Table S6). Although BAT
metabolism has been linked to a broad spectrum of diseases (Becher et al., 2021; Cypess
and Kahn, 2010), the molecular targets underlying these links are not well understood. Our
analysis here reveals proteins in BAT that could be prioritized for analysis of relevance to
human metabolic disease through modulation of BAT function.

Conclusions

OPABAT represents the deepest quantitative landscape of the mouse outbred BAT proteome.
We leverage the heterogeneity of this model to perform co-variation analysis to investigate
genetic and proteomic determinants of BAT function and metabolic physiology. We

use these findings to uncover SFXN5, LETMD1, and ATP1A2 as modulators of BAT
thermogenesis and adiposity. Together, this work demonstrates how deep outbred proteomics
can aid in discovery of biological activities of understudied proteins. We envision that the
four modules in OPABAT will serve as a basis to stimulate hypothesis-driven studies to
investigate translationally-relevant BAT proteins in metabolic disease.

Limitations of the study

The OPABAT resource has several limitations. The discovery cohort is composed of female
mice due to difficulty in group housing and metabolic assessments of male outbred mice
(Logan et al., 2013; Recla et al., 2014). Although we show that male and female populations
harbor a similar degree of phenotypic variation for co-variation analysis, and the biological
targets that we validated, LETMD1, SFXNS5, and ATP1A2, are generalizable in male mice,
we are unable to attain a systematic generalizability assessment between sexes for all the
protein targets that we identified. In addition, the outbred cohorts are necessarily based

on each individual being distinct. As such, we are unable to perform invasive protein
measurements in a pre/post intervention study design for this work, which may additionally
reveal causal relationships between protein abundance and phenotypes.

STAR METHODS
RESOURCE AVAILABILITY

Lead contact—Further information and requests for resources and reagents should
be directed to and will be fulfilled by the Lead contact, Edward Chouchani
(edwardt_chouchani@dfci.harvard.edu), upon reasonable request.

Materials availability—No new unique reagents were generated in this study. Other
materials can be requested from the Lead contact.

Data and code availability—AIll OPABAT raw MS files are deposited to the
ProteomeXchange Consortium via the PRIDE (Perez-Riverol et al., 2019) partner repository
with the dataset identifier PXD036947. All processed data are available for download at
https://wren.hms.harvard.edu/opabat/.
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Source codes for the OPABAT site are deposited in Github (https://github.com/
Angrycodeboy/OPABAT).

Any additional information required to reanalyze the data reported in this paper is available
from the Lead Contact upon request.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Primary cell cultures—Isolation and differentiation of brown pre-adipocytes was
performed as described before (Mills et al., 2018). Briefly, interscapular brown adipose
tissue was dissected from 2 to 4-day old mice of mixed sexes and washed in PBS. Next,
tissue was minced and digested for 45 min at 37 °C in isolation buffer containing 1.5
mg/mL collagenase B, 123 nM NaCl, 5 mM KCI, 1.3 mM CaCl,, 5 mM glucose, 100 mM
HEPES, and 4 % fatty acid free BSA. Solution was filtered through a 40 um cell strainer
and centrifuged at 600g for 5 min. The pellet of the stromal vascular fraction containing
preadipocytes was resuspended in adipocyte culture medium (DMEM/F-12 Glutamax,
ThermoFischer Scientific #10565018, supplemented with 10% FBS), plated in a 10 cm dish,
and maintained at 37 °C in 10% CO,. Medium was changed every other day until cells reach
confluency. Brown adipocyte differentiation was induced with differentiation medium (cell
culture medium containing 1 pM rosiglitazone, 0.5 mM IBMX, 5 uM dexamethasone, 0.114
pg/ml insulin, 1 nM T3, and 125 uM indomethacin) for 2 days. Media was refreshed every
48 h with the adipocyte culture medium containing 1 uM rosiglitazone, 1 nM T3, and 0.5
pg/mL insulin. Unless otherwise noted, experiments were performed day 7 after induction
when cells were fully differentiated.

Mice—A heterogeneous cohort of 163 female DO mice (at the onset of HFD: 24 weeks,
n=110; 18 months, n=10; 22 months, n=29; 28 months, n=14) were used to mimic the
genetic and age heterogeneity of the human population. Male DO mice were not used due
to cage aggression. These mice were developed in the Jackson Laboratory (Churchill et

al., 2012) and descended from eight founder strains: A/J, C57BL/6J, 129S1/SvimJ, NOD/
ShiLtJ, NZO/H1Lt), CAST/EiJ, PWK/PhJ, and WSB/EiJ. These eight strains were crossed
to generate the collaborative cross (CC) mice, which were inbred and fully genotyped.

DO strains were developed by random crosses of CC lines, then maintained by continued
random crosses without mating between siblings to retain the widest possible genetic
diversity. The cohort in this study were ear-tagged and group-housed in a temperature-
controlled (20-22 °C) room on a 6 am to 6 pm light/dark cycle upon arrival and fed a chow
diet during acclimation before transferring to a thermoneutrality incubator (29 °C) to initiate
experiments.

All other mice used in this study were of C57B/6J background. Mice of both bexes were
group-housed in a temperature-controlled (20-22 °C) room on a 6 am to 6 pm light/dark
cycle and fed a chow diet. Mice were of 8-10 weeks of age at the onset of experiments. The
whole-body LETMD1 knockout mouse was generated by targeting exon 2 of its DNA using
a synthetic sgRNA (AATGACGCCCCAAGAAACGA) complexed with a recombinant
CRISPR/CAS9 protein (Synthego). This complex was injected into C57BL6/J embryos by
the Transgenic Mouse Core at Dana-Faber/HMS. FO founders were genotyped using oligos
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surrounding exon 2. One founder was selected with a deletion of (5" —
CTTCAAAGCTTCACCTTTCTCCGAAGGCGGACGTGAAGAACTTGATTTCTTACGT
GGTGACC AAGACAAGAGCGATTAACGGATCGTACCATCGT -3’). FO founder was
bred back into C57BL/6J for two generations. All mouse experiments used littermate
controls. All animal-related experiments were approved by Institutional Animal Care and
Use Committee of the Beth Israel Deaconess Medical Center.

METHOD DETAILS

Genotyping of the DO cohort—Genomic DNA of this cohort (n=163) was extract
from each mouse and genotyped at over 143,000 single nucleotide polymorphisms (SNPs)
markers on the Giga-MUGA platform (Neogen) (Welsh and McMillan, 2012). All 163
samples passed SNP quality control metrics. For these samples, founder haplotypes were
inferred from SNP probe intensities through a hidden Markov model using the R/qtl2
package (Broman et al., 2019), and then used to interpolate a grid of 64,000 evenly-spaced
genetic intervals. Sample swap was checked based on pQTL peaks (pQTL mapping is
described in the data analysis section below) similar to previous studies (Chick et al., 2016;
Keele et al., 2021), which confirmed that none of the samples was swapped.

High fat feeding under thermoneutrality—At the onset of the HFD experiments, mice
(housed five per cage) were transferred to a thermoneutrality incubator set at 29 °C and
directly switched to a rodent high fat diet (OpenSource Diets, D12492) with 60% kcal% fat,
20% kcal% carbohydrate, and 20% kcal% protein (Kazak et al., 2017a). Mice were fed ad
libitum with HFD for 8 weeks.

Body composition measurement—Body mass, fat mass, and lean mass were measured
weekly starting from week 0 of HFD and during the entire high fat feeding experiment. Fat
mass and lean mass were measured by an EchoMRI 3-in-1 body composition analyzer (Echo
MRI LLC).

Fasting glucose measurement—Fasting glucose were measured at the onset and the
end of HFD experiments, where mice were fasted in a fasting cage with an inedible bedding
for 6 h between 9 am to 3 pm prior to glucose measurement with the OneTouch UltraMini
blood glucose meter (LifeScan IP Holdings, LLC) as described before (Mills et al., 2018).

Metabolic cage experiment—At the end of the 8-week HFD experiments, mice were
transferred to the Promethion indirect calorimetry cages (Sable Systems International), for a
one-week indirect calorimetry experiment. Mice were singly housed in the metabolic cages
and remained on HFD. Acclimation was performed for 24 h under thermoneutrality (TN, 29
°C), then the temperature was adjusted to room temperature (RT, 24 °C) for a day, cold (10
°C) for 3 hours, and TN for the rest of the experiment. The cold exposure was relatively
mild to ensure that the older mice could survive. Experiments were designed according

to the light dark cycle (6am to 6pm) in the room to ensure equal amount of data were
collected during the day and at night. The following metabolic parameters were monitored:
oxygen consumption (VO,), carbon dioxide output (VCO5), respiratory quotient (RQ),
energy expenditure (EE), food consumption, and movement. Raw data was collected every 3
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min, and converted using the ExpeData software package (Sable Systems International) to a
format where columns were various metabolic parameters, and rows were data collected at
all time points with 3-min intervals. All raw files and data points were manually inspected
using the ExpeData software to ensure that no measurements that we reported in this

study were made with malfunctioning modules. The same system was used for the indirect
calorimetric studies on the LETMD1 knockout mice and SFXN5 knockdown mice detailed
in sections below. For LETMD1 knockout experiments, mice were housed individually in
metabolic chambers maintained at 30 °C under a 12 h light/dark cycle with free access to
food and water. Intraperitoneal injection of CL316,243 (Sigma-Aldrich; 1 mg/kg) into mice
was performed. For SFXN5 knockdown experiments, room temperature-housed mice were
exposed with cold at 4 °C under a 12 h light/dark cycle with free access to food and water.
Mice of both sexes were used for LETMD1 and SFXNS5 studies.

Bomb calorimetry—Bomb calorimetry was conducted using a Parr 6725EA Semimicro
Calorimeter and 1107 Oxygen Bomb. Fecal specimens were collected for each mouse
immediately after the metabolic cage experiments. Collected samples were baked at 60 °C
for 48 h to remove water content and then combusted to measure fecal energy content as
heat of combustion (kcal/g). Experiments were performed in technical duplicates for each
mouse.

BAT extraction—Immediately following metabolic cage experiments, mice were
euthanized by rapid cervical dislocation, and both lobes of BAT were extracted and frozen in
less than twenty seconds following euthanasia using the freeze-clamping method described
previously (Xiao et al., 2020). Samples were stored in liquid nitrogen during extraction and
later transferred to a —80 freezer for storage.

Sample preparation for proteomics—Prior to sample preparation, randomization was
performed for all 163 samples to assign samples to tandem mass tags (TMT) plexes and
channels. Physiological data described above were then overlaid onto the randomized
sample assignments to check and ensure that no plex- or channel-based clustering of any
physiological parameter was observed. All 163 DO BAT samples were weighed while frozen
and lysed in the lysis buffer (100 mM 4-(2-hydroxyethyl)-1-piperazineethanesulfonic acid
(HEPES) pH 8.5, 8 M urea, 2% SDS, 1p/15 mL Roche cOmplete™ protease inhibitors)

to an initial concentration of ~ 4 — 8 mg/mL protein. Insoluble remnants were removed

by centrifugation. A bicinchoninic acid (BCA) assay was performed to measure the exact
protein concentration, and samples were diluted by the lysis buffer to 1 mg/mL protein based
on the BCA results. A pooled sample, named the “bridge”, was then created by equally
mixing 50 pg of proteins in each biological sample to represent the average BAT protein
expression levels of the entire cohort. An aliquot of 200 pug of proteins from each sample
was then subjected to disulfide reduction with 5 mM tris(2-carboxyethyl)phosphine (TCEP)
at 37 °C for 1 h, followed by alkylation of free thiols by 25 mM iodoacetamide for 25 min

at room temperature in the dark. Proteins were then precipitated by the methanol-chloroform
method (Wessel and Flugge, 1984), resuspended in 200 mM N-(2-Hydroxyethyl)piperazine-
N’-(3-propanesulfonic acid) (EPPS) buffer pH=8, and digested using a combination of
Lys-C and trypsin at an enzyme-to-protein ratio of 1:100 overnight at 37 °C, followed by
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an additional 4 h digestion with trypsin 1:100. Samples were then subjected to a microBCA
measurement for peptide quantification, and 50 pug peptides (~50 ul of digestion solution
+15 pL of acetonitrile (ACN)) from each sample were labeled by 100 ug of the TMTpro-16
reagents (Li et al., 2020b) for 1 h at room temperature following the streamlined-TMT
protocol (Navarrete-Perea et al., 2018). TMT plexes and channels were determined by the
randomized sample assignments as described above. The reaction was quenched using 5

ul of 5% hydroxylamine for 15 min. A ratio-check was performed by mixing 2 pL of
peptides from each channel, desalted via StageTip, and analyzed by LC-MS. The remainder
of samples in each plex of 15 biological samples plus 1 bridge sample were mixed in

a tube containing 12 mL of 1% formic acid (FA), according to the total peptide loading
ratios obtained from the ratio-check. The mixtures were then desalted with Waters SepPak
cartridges, and the eluates were freeze-dried overnight using a speedvac system. Dried
peptide samples (300 ug per TMT plex) were resuspended in the high-performance liquid
chromatography (HPLC) buffer A containing 10 mM ammonium bicarbonate pH 8.0, 5%
acetonitrile, and fractionated with basic pH reversed-phase HPLC using an Agilent 300
extend C18 column. A 50-min linear gradient in 13 — 43% buffer B (10 mM ammonium
bicarbonate, 90% acetonitrile, pH 8.0) at a flow rate of 0.25 ml/min was used to separated
peptides, and eluates were collected into a 96-deep-well plate. Samples were consolidated
into 24 fractions and vacuum centrifuged to dryness. Each fraction was then desalted via
StageTip, dried in a speedvac, and reconstituted in a solution containing 5% ACN and 4%
FA for liquid chromatography tandem mass spectrometry (LC-MS/MS). Protein abundance
in differentiated brown adipocytes (scramble, LETMD1KP, and SFXN5KP) and BAT tissue
(control and ATP1A2KP) were measured using the same workflow without the pooled
“bridge” due to much smaller sample size. Mitochondria proteins were annotated based on
MitoCarta 3.0 (Rath et al., 2021).

LC-MS/MS—To measure protein abundance, 2 pg of peptides in each fraction were loaded
onto an in-house 100-um capillary column packed with 35 cm of Accucore 150 resin (2.6
um,150 A). Measurements were made using an Orbitrap Eclipse Tribrid Mass Spectrometer
(Thermo) coupled with an Easy-nLC 1200 (Thermo). A 180-min gradient consisting of 2%
- 23% ACN, 0.125% FA at 500 nl/min flow rate was used to separate and analyze peptides.
A FAIMSPro (Thermo) device was used for field asymmetric waveform ion mobility
spectrometry (FAIMS) separation of precursors (Schweppe et al., 2019), and the device

was operated with default settings and multiple compensation voltages (—40V/-60V/-80V).
Under each voltage, peptide ions were collected in data-dependent mode using a mass range
of m/z 400-1600 using 2 s cycles. Resolution for MS1 was set at 120,000. Singly-charged
ions were not further sequenced, and multiply-charged ions were selected and subjected to
fragmentation with standard automatic gain control (AGC) and 35% normalized collisional
energy (NCE) for MS2, with a dynamic exclusion window of 120 s and maximum ion
injection time of 50 ms. Quantification of TMT reporter ion were performed using the
multinotch SPS-MS3 method (McAlister et al., 2014) with 45% NCE for MS3, which is
optimized for TMTpro-16 reagents. For phosphoproteomics described in a section below,
the same LC-MS/MS system and LC gradient were used for measurements. Unfractionated
samples were analyzed twice, with FAIMS compensation voltages first at —35V/-45V/-55V
then at —40V/-60V/-80V. Under each compensation voltage, peptide ions were collected
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in data-dependent mode using a mass range of m/z 400-1600 using 1 s cycles with 50

ms maximun injection time. Dependent scans were performed on single charge state per
precursor only using high resolution MS2. The isolation window was 0.5 Th, and activation
type was HCD with 36% collisional energy. Maximum injection time was set to 150 ms
for MS2 and TMTpro-16 reporter ions were quantified in MS2 as described previously
(Schweppe et al., 2020).

Database searching—Raw files were first converted to mzXML, and searched using

the Comet algorithm (Eng et al., 2013) on an in-house database search engine reported
previously (Huttlin et al., 2010). Database searching included all mouse (Mus musculus)
entries from UniProt (http://www.uniprot.org, downloaded July 29t 2020) and the reversed
sequences as well as common contaminants (keratins, trypsin, etc). Peptides were searched
using the following parameters: 25 ppm precursor mass tolerance; 1.0 Da product ion

mass tolerance; fully tryptic digestion; up to three missed cleavages; variable modification:
oxidation of methionine (+15.9949); static modifications: TMTpro (+304.2071) on lysine
and peptide N terminus, carboxyamidomethylation (+57.0214637236) on cysteines. For
phosphoproteomics experiment described in a section below, 0.01 Da product mass tolerance
was used, and an additional variable phosphorylation (+79.966 Da) on serine, threonine, or
tyrosine was added. The target-decoy method was employed to control the false discovery
rate (FDR) (Elias and Gygi, 2007; Huttlin et al., 2010; Peng et al., 2003) to < 1% on
peptide level for each MS run using parameters such as XCorr, ACn, missed cleavages,
peptide length, charge state and precursor mass accuracy. Peptides that are shorter than
seven amino acids were discarded. Subsequently, all DO peptides that contained possible
polymorphisms were filtered out using a method described in detail previously (Keele

et al., 2021). Briefly, all founder strain protein sequences (A/J, C57BL/6J, 129S1/SvimJ,
NOD/ShiLt], NZO/H1LtJ, CAST/EiJ, PWK/PhJ, and WSB/EiJ) were downloaded from
Ensembl (Yates et al., 2020) and subjected to /n sifico tryptic digestion using the Protein
Digestion Simulator (Pacific Northwest National Laboratory). A list containing peptides that
are not shared across all founder strains was generated as the basis to filter out peptides
with polymorphisms for the DO experiments. After filtering, proteins were assembled, and
protein-level FDR was controlled to < 1% combining all MS runs. The Picked FDR method
(Savitski et al., 2015) was employed to ensure the stringency of FDR control for our dataset
that comprised of hundreds of MS runs. For phosphoproteomics runs, phosphorylation site
localization was determined using the ModScore (AScore) algorithm (Beausoleil et al.,
2006) where a score of 19 corresponds to 99% confidence that a given phosphorylation site
was correctly localized.

TMT reporter-based quantification—TMT reporter ions were used for quantification
of peptide abundance. Each reporter ion was scanned using a 0.003 Da window, and

the most intense m/z was used. Isotopic impurities were corrected according to the
manufacturer’s specifications, and signal-to-noise ratio (S/N) was calculated. Peptides with
summed S/N lower than 320 across 16 channels of each TMTpro16 plex or isolation
specificity lower than 70% were discarded. The high confidence peptides were then used
to quantify protein abundance by summing up S/N values for all peptides assigned to the
same protein. Normalization for each TMT plex was then performed by adjusting protein
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loadings to equal loading across all channels. A relative abundance for each protein across
the DO cohort was obtained by calculating a sample-to-bridge ratio within each TMT plex
for each channel of the fifteen biological samples (see sample preparation above for details
of the bridge channel). This value was log2 transformed and used for data analysis described
below. The values were analyzed in both raw and median-centered formats transformed
following a workflow similar to that of a previous report (Nusinow et al., 2020). No batch
effects were observed in either format via examinations using methods described previously
(Nusinow and Gygi, 2020). Both formats returned nearly identical results for subsequent
bioinformatic analyses, so here we reported raw relative protein abundance data in this work.
To ensure stringency, for all the data analysis described below, we only used the 10,479
proteins that were quantified using peptides that were shared across all founder strains with a
sum TMT S/N = 320 and an isolation specificity = 70%.

Mitochondrial isolation and tryptic digestion—Mitochondria were isolated following
a well-established protocol (Cannon and Nedergaard, 2008) and further purified using a
sucrose gradient as described previously (Sun et al., 2021). A total of 200 pg aliquots of
sucrose purified mitochondria were resuspended in 20 mM HEPES pH 7.6 with 5 ug/ml of
trypsin and in absence or presence of 10 ng/ml of digitonin for 30 min at room temperature.
Sensitivity of proteins to trypsin digestion was assayed with SDS-PAGE followed by
immunoblotting with the indicated antibodies. Mitochondria were treated rapidly with 1%
SDS and boiled at 95 °C for 5 min to denature proteins and kept at —20 °C before western
blot analysis.

Western blotting—Protein concentration was determined using the BCA assay (Pierce).
A total of 10 pg of protein sample was loaded in each lane for western blot analysis unless
otherwise indicated. Protein samples were denatured in Lamelli buffer and incubated at
37 °C for 20 minutes, resolved by 4-12% NuPAGE BisTris SDS-PAGE (Invitrogen), and
transferred to a nitrocellulose membrane. Primary antibody incubations were performed in
TBS containing 0.05% Tween (TBST) and 5% milk, for either 4 h at room temperature

or overnight at 4 °C; secondary antibody incubations were performed using either HRP-
conjugated or IRDye secondary antibodies in TBST with 5% milk for 2 h at room
temperature, for visualization using chemiluminescence or fluorescence signal (LICOR).

Structured illumination microscopy—Stable integration of DNA sequence (obtained
from the Bioplex 3.0 project (Huttlin et al., 2021)) that expresses LETMD1-HA or SFXN5-
HA into U20S cells was achieved by lentiviral transduction. These cells were then attached
on high tolerance coverslips (MatTek #PCS-170-1818) and fixed by 3.7% freshly prepared
and prewarmed paraformaldehyde (PFA) for 12 min at 37 °C with gentle agitation every

4 min. 3.7% PFA was prepared from 10% PFA stock (Electron Microscopy Science)

by adding 2X Phosphate buffered saline (PBS) and then the distilled water to make an
isotonic solution. The fixed cells were then gently washed with PBS (prewarmed to 37 °C),
permeabilized by permeabilization solution (PBS supplemented with 0.1% Triton X-100)
for 10 min at room temperature, and blocked by blocking solution (PBS supplemented with
0.1% Triton X-100 and 5% FBS) for 10 min at room temperature. For immunofluorescence
staining, anti-HA mouse mAb (Abcam #ab18181) at 1:100 and anti-TOMM20 rabbit mAb
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(Cell Signaling #42406) or anti-COX4 rabbit mAb (Cell Signaling #4850) at 1:100 in
blocking solution were used for primary labeling of LETMD1-HA or SFXN5-HA and
mitochondria, respectively, and anti-mouse Alexa Fluor 568 and anti-rabbit Alexa Fluor
647 at 1:500 (Invitrogen) were used for secondary labelling. Coverslips were mounted

in ProLong Diamond Antifade Mountant (Invitrogen). Structured illumination microscopy
(SIM) images were acquired on a GE DeltaVision OMX Blaze with Olympus 60X/1.42
Plan Apo oil-immersion objective, coupled to a front illuminated SCMOS camera (PCO)
and an OMX laser system with 6 laser lines. For fluorescence detection of Alexa Fluor
568, 568 nm excitation laser, 571/19 (center wavelength/bandwidth) excitation filter, and
609/37 emission filter were used. For fluorescence detection of Alexa Fluor 647, 642-

nm excitation laser, 645.5/15 excitation filter, and 683/40 emission filter were used. For
each z-section, 15 raw images (three rotations with five phases each) were acquired.
Spherical aberration was minimized using immersion oil matching (Hiraoka et al., 1990).
Super-resolution images were computationally reconstructed from the raw data sets with a
channel-specific, measured optical transfer function and a Wiener filter constant of 0.001
using CUDA-accelerated 3D-SIM reconstruction code (Gustafsson et al., 2008). TetraSpeck
beads (Thermo Fisher) or a nano-grid control slide (GE) were used to measure axial and
lateral chromatic misregistration, and experimental data sets were registered using the
imwarp function in MATLAB (MathWorks). The processed images were analyzed using
Fiji (Schindelin et al., 2012) and OME Remote Objects (OMERO) (Allan et al., 2012).

siRNA-mediated knockdown in brown adipocytes—Opti-MEM medium (Thermo
Fisher Scientific #31985-070) was incubated with lipofectamine RNAIMAX (Life
Technologies #13778-150) for 5 min at room temperature. In a separate tube, Opti-MEM
medium was incubated with 1 uM ATP1A2 siRNA (Origene #SR421739) or scramble

for 5 min. The siRNA mixture was then added dropwise to the lipofectamine mixture.
Next, this final solution was added to the transfection plate (Isidor et al., 2016). After

25 min, brown adipocytes at day 5 of differentiation was suspended in cell differentiation
medium using trypsin (Gibco #25200-056) and then plated in the transfection plate on

top of the siRNA-lipofectamine mixture. The final concentration of sSiRNA was 90 nM.
Measurement of intracellular levels of calcium, lipolysis rate, and cellular respirometry
detailed in sections below were performed 48h after transfection with ATP1A2 siRNA or
scramble. The knockdown of LETMDL1 (IDT #mm.Ri.LETMD1.13) and SFXN5 (Horizon
Discovery #J-057802-06) was conducted following the same procedure, except that the
transfection was performed on brown adipocytes at day 4 (for LETMDL) or day 3 (for
SFXN5) of differentiation and the cellular respirometry was performed 72 h (for LETMD1)
or 96 h (for SFXNS) after transfection.

Protein overexpression in brown adipocytes—Overexpression of ATP1A2 in brown
adipocytes were achieved by infecting cells at day 5 of differentiation with human ATP1A2
overexpression adenovirus (100 IFU/cell, Vector Biolabs #ADV-201680). Adenovirus
overexpressing Cre or GFP was used as the control. Measurements of intracellular levels

of calcium, PKA substrate phosphorylation, lipolysis rate, and cellular respirometry, were
performed 48h after infection (which is day 8 after induction of cell differentiation).
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Mitochondrial metabolomics—Mito-Tagged mice with the stop cassette deleted by a
CMV-driven Cre were requested from the Whitehead Institute (Bayraktar et al., 2019).
Pre-adipocytes were isolated from the BAT of 7-day old Mito-Tag mice and differentiated /n
vitro for 7 days. For norepinephrine-stimulated cells, 100 nM of norepinephrine was added
to medium 15 min before rapid isolation of mitochondria. Isolation was performed as per
the procedures described in previous studies (Chen et al., 2016; Sun et al., 2021) with minor
modifications. Briefly, cells from each well of a 12-well plate were washed once with 0.5 ml
cold PBS, once with 0.5 ml cold KPBS (136 mM KCI, 10 mM KH2PO4, pH 7.25), collected
in 0.5 ml cold KPBS, transferred to a pre-chilled 2-ml homogenizer glass vessel (VWR,
89026-386), and disrupted by 20 stokes of a plain plunger (VWR, 89026-398) on ice. The
resultant homogenate was poured into one 1.5-ml tube and centrifuged at 1,000g for 2 min
at 4 °C, and the supernatant was collected and loaded onto Pierce anti-HA magnetic beads
(Thermo Fisher Scientific) prewashed with cold KPBS. For cell lysate from one well of a
12-well dish, a 40 pl slurry of anti-HA beads was used. The lysate/anti-HA beads mixture
was incubated on a rotator for 3.5 min in cold and pulse-spun to collect any residual liquid
on the lid. The anti-HA beads were then collected on a magnet strip and the liquid was
aspirated. The beads were quickly resuspended with 0.5 ml cold KPBS, split into 0.4 ml for
metabolite extraction and 0.1 ml for western-blot analysis, and collected again on a magnet
strip before the liquid was aspirated. Metabolites were eluted with 100 ul pre-chilled 80%
MeOH with three internal standards (0.05 ng/ pL thymine-dg, 0.05 ng/ pL inosine-15Nyg,
and 0.1 ng/ uL glycocholate-d,), and proteins were eluted with 50 pl 1x NUPAGE LDS
Sample Buffer (Invitrogen) supplemented with 1% B-mercaptoethanol (BME). The time
spent on each step was strictly controlled across different purifications to minimize the
variations in metabolites content. The metabolite extraction mixture was centrifuged at
17,000g for 10 min at 4 °C, and 80 pl of supernatant was collected, flash-frozen and

stored in liquid nitrogen until further processing. Metabolite extracts were loaded onto a
Luna-HILIC column (Phenomenex) on an UltiMate-3000 TPLRS LC. The starting gradient
was 10% mobile phase A (20 mM ammonium acetate and 20 mM ammonium hydroxide in
water) and 90% mobile phase B (10 mM ammonium hydroxide in 75:25 v/v ACN/MeOH).
Metabolites were eluted with a 10-min linear gradient to 99% mobile phase A, and analyzed
by a Q-Exactive™ HF-X mass spectrometer (Thermo). Negative and positive ion modes
were used with full scan analysis over m/z 70-750 m/z at 60,000 resolution, 1e6 AGC, and
100 ms maximum ion accumulation time. lon spray voltage was set at 3.8 kV, capillary
temperature was at 350 °C, probe heater temperature was at 320 °C, sheath gas flow was set
at 50, auxiliary gas was set at 15, and S-lens RF level was set at 40. Metabolite peaks were
analyzed using TraceFinder (Thermo) software through a targeted approach. Peaks were
matched to a metabolite library of ~800 validated metabolites on the LC-MS system, and
peak area was used to quantify metabolite abundance.

Mitochondrial respiration—Mitochondria were isolated from /n vitro differentiated
brown adipocytes per established protocol (Cannon and Nedergaard, 2008; Shabalina et
al., 2013) and equilibrated in a respiration assay buffer (125 mM Sucrose, 20 MM K+-TES
pH 7.2, 2 mM MgCl,, 1 mM EDTA, 4 mM KH,POy, and 4% BSA) for 30 min on ice

at a concentration of 1.5 mg/ml. 100 ul of the mitochondrial suspension (0.15 mg of
mitochondria) was then loaded into the Oroboros O2K High-Resolution respirometer (2 mi
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chamber filled with respiration assay buffer) for measurement of respiratory oxygen flux.
A final concentration of 10 mM glycerol-3-phosphate or 5 mM pyruvate/2.5 mM malate
(added with two consecutive injections of equal amount) was used to stimulate respiration.
10 mM GDP was then added to inhibit UCP1-dependent respiration. Maximal oxygen
consumption rates were obtained by addition of CCCP to a final concentration of 40 uM.

Intracellular levels of Calcium—Differentiated brown adipocytes were loaded

with Fluo-4 AM according to manufacturer’s protocol (Fluo-4 Calcium Imaging Kit,
ThermoFischer Scientific #710489). Cells were imaged in Hank’s balanced salt solution
(HBSS) buffer containing 20 mM glucose. Cells were imaged using an inverted Nikon

Ti2 fluorescence microscope. We used excitation wavelength of 480 nm and emission
wavelength of 535 nm to measure changes in intracellular levels of calcium in response to
norepinephrine stimulation. Cells were imaged every 4 sec for a total of 40 sec in baseline
condition and for an additional 240 sec after norepinephrine administration. Images were
analyzed using ImageJ (Schneider et al., 2012). After subtracting background fluorescence,
Fluo-4 intensity was quantified for each cell and expressed as the relative change to baseline
condition - F/Fg, where Fq is the fluorescence level at 0 sec and F is the florescence level at
any other time points.

Analysis of PKA substrate phosphorylation—Differentiated brown adipocytes
(ATP1A2KD n = 4 and ATP1A2C°E n = 4) described above were treated with 100 nM NE
for 5 minutes in 10 cm dishes. Cells were lysed with 100 mM HEPES pH 8.5, 8 M urea,
2% SDS, 1p/15 mL Roche cOmplete™ protease inhibitors, 1p/15 mL Roche PhosSTOP™
phsophotase inhibitors to a concentration of ~ 1 mg/mL protein. Insoluble content was
removed by centrifugation. Soluble content was reduced with 5 mM TCEP at 37 °C for

1 h, followed by alkylation of free thiols by 25 mM iodoacetamide for 25 min at room
temperature in the dark. After methanol-chloroform precipitation, proteins were digested
and TMT-labeled as described in the proteomics sample preparation section above. After
labeling and mixing, the peptide mixtures were then desalted, dried, and subjected to
enrichment of phosphopeptides via immobilized metal affinity chromatography (IMAC),
using the High-Select Fe-NTA Phosphopeptide Enrichment Kit (Thermo) following the
manufacturer’s instructions. Enriched phosphopeptides were dried and desalted using
StageTip, and analyzed as described above in the LC-MS/MS and database searching
sections. PKA substrates were extracted from this dataset using the consensus -R/K-R/K-X-
S/T- motif (Smith et al., 2011; Sun et al., 1991).

Lipolysis assay—Differentiated brown adipocytes were incubated in HBSS buffer
(Corning #21-023- CV) supplemented with 20 mM glucose and treated as indicated before
collection of HBSS buffer. Lipolysis rate was determined by measuring the amount of
glycerol in the collected HBSS buffer using free glycerol reagent (Sigma Aldrich #F6428)
relative to glycerol standard per manufacturer’s protocol.

Cellular respirometry—Oxygen consumption rate (OCR) of differentiated brown
adipocytes was determined using a Seahorse XF24 Extracellular Flux Analyzer as described
before (Mills et al., 2018). Partially differentiated brown adipocytes were plated at a density
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of 10,000 cells/well on day 3-5 of differentiation during transfection of sSiRNA. Experiments
were performed on day 7-8. Before analysis, adipocyte culture medium was changed to
DMEM respiration medium lacking NaHCOg3 (Sigma Aldrich #D5030) that contain 1.85
g/L NaCl, 3 mg/L phenol red, 2% fatty-acid-free BSA, and 1 mM sodium pyruvate, pH
7.4. For cellular respirometry in the characterization of LETMDL, an additional 10 mM
Glucose and 2 mM Glutamine were added. Basal respiration was determined as OCR

in the presence of substrate alone. After stimulation with norepinephrine, ATP-synthase-
independent respiration was determined using 2.5 uM oligomycin (4 uM for LETMD1 and
SFXNS5 experiments). Maximal respiration was determined after addition of 2 uM DNP (5
UM CCCP for LETMD1 and SFXNS5 experiments). Finally, rotenone (3 uM) and antimycin
(3 uM) were used to abolish mitochondrial respiration.

Gene expression analysis—Gene expression analysis was performed as previously
described (Reddy et al., 2020). Total RNA from cells was isolated using TRIzol (Ambion
#15596018) with Qiagen RNA Mini Kit (QIAGEN #12183025). RNA content was
quantified using a Nanodrop 2000 UV-visible spectrophotometer. cDNA synthesis was
performed via reverse-transcription polymerase chain reaction (RT-PCR) using 100 ng of
RNA for ATP1A2 experiments (500-1000 ng of RNA for LETMD1 experiments) and a
high-capacity cDNA reverse transcription kit (ThermoFisher Scientific #4368813). cDNA
was then used for real-time quantitative PCR (qPCR) analysis, which was performed in 384-
well plate using GoTaq gPCR Master Mix (Promega #A6001). QuantStudio 6 Flex Real-
Time PCR instrument (Applied Bio-systems) was used to run samples. Relative abundance
of ATP1A2 was calculated by the delta-delta Ct methods using cyclophilin for ATP1A2
experiments (RPLPO for LETMD1 experiments) as endogenous control.

Cold exposure in LETMD1 experiments—Mice were pre-acclimated at
thermoneutrality (28-30°C) for two weeks and then shifted to 4°C. Body temperature was
measured with a rectal probe (Physitemp, RET3) and a reader (Physitemp, BAT-12).

BAT SFXN5 knockdown in vivo—AAVs that carry ShRNA that targets SFXN5 (target
sequence: GCTGGTTCAGAAAGCAAACAA) and scrambled shRNA were prepared by
VectorBuilder (VB900056-6989wbw and VVB010000-0023jze, respectively) and injected to
BAT as previously described with minor modifications (Zeng et al., 2019). 8-week-old male
mice were anaesthetized with isoflurane and an incision was made above the interscapular
area to expose the BAT. A dose of 1x 10 ifu of AAV (serotype 8) was injected into each
BAT lobe and the incision was closed with suture. Mice received one injection of meloxicam
(2 mg/kg) 24 h before surgery, and another injection immediately after surgery. Mice were
allowed to recover for three weeks before analysis.

BAT ATP1A2 overexpression in vivo—BAT-specific ATP1A2 overexpression /n vivo
were achieved by injecting adeno-associated virus (AAV) with Cre-inducible expression
of ATP1A2 (AAV8-CMV-DIO-mATP1A2, Vector Biolabs, custom order) into interscapular
BAT of male Adiponectin-Cre C57BL/6 mice (Chen et al., 2017). AAV expressing GFP
(AAVB-CAG-GFP-WPRE, Boston Children’s Hospital Viral Core, custom order) was used
as control. Briefly, mice received analgesics 16 h prior and after AVV injection. 8-week-old
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Adiponectin-Cre mice were anesthetized with isoflurane and a small cut was made to expose
the interscapular BAT. 6.0 x 101! genomic copies (GC) were injected in the interscapular
BAT of each mouse. Skin was closed with 3M Vetbond. Mice were allowed to recover for
two weeks before analysis.

BAT ATP1A2 knockdown in vivo—BAT-specific ATP1A2 knockdown /n vivo was
achieved by injecting adeno-associated virus (AAV) with expression of ATP1A2 shRNA
(AAV8B-U6-GFP-ATP1A2-shRNA, VectorBuilder, custom order) into interscapular BAT

of male C57BL/6 mice (Chen et al., 2017; Yoneshiro et al., 2019). AAV expressing a
scramble shRNA (AAV8-U6-GFP-scramble-shRNA, VectorBuilder, custom order) was used
as control. 6.0 x 1011 genomic copies (GC) were injected in the interscapular BAT of each
mouse following procedures described in the section above. Mice were allowed to recover
for two weeks before analysis.

HFD experiments for ATP1A2°F and ATP1A2KP mice—Mice were randomly split
into littermate-matched groups to receive AAV injection as described above. Mice were fed
with regular chow diet at RT for 2 weeks for recovery after the surgery and were checked
regularly for well-being. HFD experiments were then carried out for 8 weeks at 29 °C in a
thermoneutral incubator. Mice were singly caged, and body weight and food consumption
were measured weekly during the experiment. Fat mass, and lean mass were measured at
the onset of HFD feeding and at the end of the experiments via MRI described in a section
above. The ATP1A2KD and scramble control cohorts were measured an additional time at 5
weeks of the experiment.

Histology experiments—Tissue fixation was performed with 10% neutral buffer
formalin, embedded in paraffin, sectioned and mounted on glass slides and stained with
haematoxylin and eosin or Sirius red. For LETMD1 experiments, we used a cohort of mixes
sexes (n=3 per sex per genotype). For ATP1A2 experiments, male mice were used (n=3 each
group). Images were collected with a Nikon Ti2 motorized inverted microscope and acquired
with a Nikon DS-Fil color camera using NIS-Elements software. Whitening of brown
adipocytes were graded by presence or absence of small lipid droplets as follow: grade 1 (>
80% small droplets in the view), grade 2 (50%-80%), grade3 (20%-50%), and grade 4 (<
20%). Samples were examined by a histologist at the DF/HCC Rodent Histopathology Core
in a blinded experiment, which was able to assign grade 1 or 2 to all ATP1A2KP samples,
and grade 3 or 4 to all control scramble samples.

Data analysis—All data analyses were performed using R 4.0.2 unless otherwise noted.
(1) Kinship analysis of the cohort. Kinship of the subjects was analyzed through a genome
scan by a linear mixed model provided by the R/QTL2 package (Broman et al., 2019),
mapping the genetic relatedness among individuals. Briefly, the genotype probabilities were
converted to allele probabilities, and the kinship matrix was calculated as the proportion of
shared alleles. Effect of varying marker density across the genome was accounted for by
using the probabilities along the grid of pseudomarkers. Positions that are not on the grid
were omitted. (2) Comparison of the proteome coverages between OPABAT and datasets in
the literature. Protein datasets were downloaded from these studies (Hu et al., 2020; Huttlin
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etal., 2010; Kazak et al., 2015; Kazak et al., 2017b; Kazak et al., 2019; Li et al., 2020a;
Williams et al., 2018; Yu et al., 2020; Zeng et al., 2019), and compared with OPABAT on
proteome coverage across the spectrum of abundance. Mapping of low and high abundance
proteins were performed by overlaying the datasets described above onto PaxDB (Wang et
al., 2012), which is a database for absolute protein abundance measured in the literature.
Overall proteome abundance variability comparison between DO and C57BL/6J cohorts
was based on protein measurements in this work and those reported by (Yu et al., 2020).
This dataset was selected because it harbored heterogeneity in age compositions that was
similar to the current work. CV % of protein abundance was calculated for each protein
across the whole cohort and used for comparison. (3) Mapping of OPABAT proteins to
protein complex, pathway, and function in the literature. All 10,479 proteins measured in
OPABAT were mapped to CORUM core complexes, KEGG pathways, and GO molecular
functions (Ashburner et al., 2000; Gene Ontology, 2021; Giurgiu et al., 2019; Kanehisa et
al., 2021; Ruepp et al., 2010). We only used stringently defined terms with fewer than or
equal to 150 members, which account for 100% of all CORUM complexes, 81.1% of all
KEGG pathways, and 96.3% of GO molecular function terms. This was to minimize the
impact of overly broad terms on our analyses. Protein ID conversion during mapping was
based on UniProt annotations (UniProt, 2021). (4) OPABAT co-operative protein network.
Pearson’s rwas calculated between any possible protein pairs in our dataset. We required
that the two proteins must be simultaneously quantified in at least fifty mice in our cohort.
All correlations were then subjected to FDR control using rvalues as the input via R
package “fdrtool’ (Strimmer, 20083, b), as reported previously (Nusinow et al., 2020).

Any correlation events with FDR g = 0.05 were filtered out of the network. As a result,

all edges in the network had a Pearson’s rhigher than 0.75. These edges, along with

the corresponding nodes (proteins) were used for network analysis. (5) Annotation of the
edges in OPABAT using evidence in the literature. We considered four types of events

that would serve as literature evidence for an OPABAT edge: physical interaction, pathway,
and unambiguous gene ontology (cellular compartment excluded) and localization, where
physical interaction would serve as the strongest evidence. We first mapped OPABAT onto
CORUM (Giurgiu et al., 2019; Ruepp et al., 2010) and Bioplex (Huttlin et al., 2021,
Huttlin et al., 2017; Huttlin et al., 2015), as these databases have confident experimental
evidence to support true physical interactions. Physical interaction evidence reported in
BioGRID (Oughtred et al., 2019), STRING (combined score > 700) (Szklarczyk et al.,
2017), and MINT (Calderone et al., 2020) were then compiled and used for mapping. If
the output from a database directly provides edges, then OPABAT edges were mapped
onto established edges in the database; otherwise, edges were first constructed using nodes
provided by the database and then used for mapping, such as CORUM. Pathway datasets
were downloaded from UniProt, KEGG, and Reactome (Bateman et al., 2021; Jassal et

al., 2020; Kanehisa et al., 2021). Both human and mouse pathways were used for this
analysis. Subcellular localization data was downloaded from the Human Protein Atlas where
subcellular localization data is supported by imaging experiments (Thul et al., 2017), and
“cytosol” and “nucleus” were removed from this analysis due to their broad and ambiguous
nature in explaining edges. Similarly, when mapping OPABAT edges onto GO biological
processes and molecular functions (Ashburner et al., 2000; Gene Ontology, 2021), any terms
that contain over 150 members were filtered out. Examples of established complexes or
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pathways recapitulated in OPABAT were illustrated using Cytoscape 3.7.2 (Shannon et al.,
2003). (6) Identification of co-operative proteins to established complexes and pathways.
Established complexes were downloaded from CORUM core complexes, and we required
that the complex must have at least 3 established subunits. Established pathways were
downloaded from KEGG mouse dataset (pathway members ranged from 11 to 293). A
Fisher’s exact test, adapted from a previous work (Huttlin et al., 2020), was set up to
calculate statistical enrichment of proteins’ co-operativity with established networks. For
a given established network, we tested its first-degree neighboring proteins for significant
association with the network, which we termed co-operativity between the protein and the
established network. For each individual test, we first counted the number of edges that
linked the candidate protein to the established network; then counted the number of edges
the established network had to other proteins that were not the candidate protein; then
counted the number of edges the candidate protein had to other proteins that were not a
part of the established network; lastly counted edges that did not involve the established
network nor the candidate protein. These four numbers were used to set up the Fisher’s
exact test. This test was looped through all established networks (separately for complexes
and pathways). The resulting p values were subjected to multiple testing correction using
the Benjamini-Hochberg procedure (Benjamini and Hochberg, 1995), and any association
with an adjusted p value < 0.05 was considered significant. (7) Identification of proteins
that were co-operative with established key thermogenic factors. A list of key thermogenic
factors was compiled from recent reputable reviews of thermogenesis and BAT biology
(Chouchani et al., 2019; Ikeda et al., 2018; Rosen and Spiegelman, 2014; Wang and Seale,
2016). For each protein in the list, co-operative proteins were determined by extracting
nodes with which the target protein formed significant co-operative edge (FDR g < 0.05)
in OPABAT. Literature evidence of co-operativity edges was checked as described above.
(8) Comparing phenotypic variability between C57BL/6 cohorts in the literature, the DO
cohort, and human cohorts. C57BL/6 data was downloaded from the Mouse Phenome
Database (http://www.jax.org/phenome, accessed April 30, 2022). Due to insufficient sample
size for phenotypic measurements of aged mice with high fat feeding in the database,

this comparison was restricted to young mature populations. All measurements for body
weight (g) and fasting glucose (mg/dL) under the C57BL/6 category were downloaded,
filtered to only contain mouse that were 16—-29 weeks of age at the time of measurement,
and compared with the 110 young mature mice (24 weeks of age) in OPABAT. For

human data analysis, de-identified human data was obtained through a material transfer
agreement with the Memorial Sloan Kettering Cancer Center (Becher et al., 2021). All
available diagnoses presented in this dataset were status of cancer, congestive heart failure,
atrial fibrillation, hypertension, type Il diabetes, dyslipidemia, coronary artery disease, and
cerebrovascular disease. Non-smoking patients were used for the analysis. Phenotypic data
measured in patients with stage 4 cancer or other diseases mentioned above were excluded
from this analysis to control for the effects of severe syndromes, such as cachexia, on
metabolic phenotypes. Variability in human phenotypes were compared between genders,
and compared to the variability in the outbred cohort of 163 mice. Differences in CV
between the cohorts were tested using Feltz and Miller’s test for the equality of coefficients
of variation (Feltz and Miller, 1996). The R package cvequality (Version 0.2.0) was used
to perform this test (Krishnamoorthy and Lee, 2014). (9) Protein and metabolic phenotype
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QTL mapping. Ensembl version 102 gene and protein annotations were used in this analysis
(Cunningham et al., 2022). For pQTL mapping, only the 8,923 proteins with at least

50% data completeness were included. A genome-wide pQTL scan was performed for

each protein, testing a QTL effect at positions across the genome, using a model where

the protein abundance was first transformed into a rank based on the rank-based inverse
normal transformation (RINT) (Beasley et al., 2009; Keele et al., 2021). The purpose

for using RINT for the QTL analysis was to reduce the chance of extreme observations
resulting in false positives, especially in cases where there was a coincidence with rare
founder haplotype alleles at the QTL location. pQTLs were mapped with the R/QTL2
package (Broman et al., 2019) using a linear mixed model with age as additive covariates
and a random polygenic term to account for genetic relatedness among the 163 animals.
Significance thresholds were estimated using 10,000 permutations (Churchill and Doerge,
1994). A LOD score was first calculated, which is log10 of the ratio of the probability that
a QTL is present to the probability that a QTL is absent. For each protein, the peak with

the highest LOD score was selected. Based on the LOD score, we calculated a genome-wide
significance for each QTL by modeling the maximum LOD scores from the permutations
using a generalized extreme value distributions (Dudbridge and Koeleman, 2004; Valdar et
al., 2009) in order to compute genome-wide permutation p-value for each protein. These
permutation p values were further adjusted by the Benjamini-Hochberg procedure. All
detected pQTLs were classified as local if their position was within a 5 Mbp window
centered around the coding gene. If they did not fall within this local window, they were
classified as distant. Phenotype QTLs were mapped using the same method described above
without assigning local or distant QTLs. (10) Analysis to select founder and CC strains

for specific phenotypic outputs. On the basis of the mapped QTLs, we first analyzed the
founder strain allelic effects at the QTL position. Founder strains were ranked from the most
negative to most positive allelic contributors to the QTL. We then queried the QTL location
in the CC Giga-MUGA genotyping database (http://csbio.unc.edu/CCstatus/CCGenomes/)
to map CC strains which are homozygous for the founder strain of interest at the QTL
position. (11) Correlation between protein abundance and physiological parameters. All
body compositional and metabolic parameters measured in the DO cohort were used for this
analysis. For each of the parameters measured in metabolic cages, an average is calculated
for every segment of the experiment. For instance, all VO, measurements during the day

at 24 °C were averaged to calculate VO, RT/day. Data collected during transitions, e.g.,
changing temperature from 29 °C to 24 °C, was discard prior to this calculation. Only

data collected after stabilization was used. All physiological parameters were z-scored

and correlated with the log2 transformed relative abundance of each protein measured in
OPABAT, and a Pearson’s rwas calculated. Of note, we also performed the analysis using
Spearman’s rank correlation coefficient as the matrix and obtained very similar results. If

a protein and the physiological parameter were simultaneously measured in fewer than half
of the mice in the DO cohort, then the correlation was not calculated. For each parameter,
we rankordered all proteins according to their Pearson’s r, and considered |4 = 0.4 and

p < 0.05 significantly correlated. Established key proteins in BAT thermogenesis were
examined for potential correlation with physiological parameters in the DO cohort. In order
to measure the similarity between protein correlators of different physiological parameters,
the Jaccard similarity was calculated by dividing the number of protein correlators in the
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intersection by the number of protein correlators in the union of two given parameters.

In parallel to Pearson correlation analysis, we also performed linear regression using the
Lasso method (Tibshirani, 1996) through the R package ‘glmnet’. We again required that
proteins and physiological parameters must be measured simultaneously in at least half of
the cohort. Log?2 transformed relative protein abundance was used as the matrix to predict
physiological parameters. A seed number of 100,000,000 was set to ensure reproducibility
of the analysis. Weights were set to 1 for all observations. Cross validation was performed
using squared-error. Data points were split to 90% and 10%, where for each iteration,

90% of the data was used for modeling, and 10% was used for validation. Five values,

0, 0.25, 0.5, 0.75, and 1 were set for mixing the relaxed fit with the regularized fit. To
ensure stringency of the output, proteins with none-zero coefficients at one standard error
away from the minimum cross-validation error (lamda.1se, which gives the most regularized
model) were used as the output. A permutation test was carried out to test statistical
significance of this analysis by random rearrangements of abundance values to proteins,
and it was repeated 10,000 times. Permutation p < 0.05 was considered significant. (12)
Estimation of cell populations. Cell types used for this analysis were determined referring
to single nucleus RNA-seq data of BAT reported in the literature (Sun et al., 2020). Cell
types were further clustered as follow: adipocytes- adipocytes; lymphoid- B-cells, CD4* T
cells, CD8* T cells; myeloid-dendritic cells, monocytes, macrophages; vasclular- endothelial
cells; preadipocyte/fibroblast: preadipocytes, fibroblasts. Prior to digital cytometry, proteins
in our dataset were filtered based on correlation with mRNA in the literature (Chick et al.,
2016). Proteins with lower than 0.2 Pearson’s correlation were removed from this analysis.
Digital cytometry of our proteomics data was performed using CYBERSORTX algorithm
(Newman et al., 2019) with signature matrix obtained from the R package “celldex” (Aran
et al., 2019; Consortium, 2012; Martens and Stunnenberg, 2013). Length-normalized and
batch-corrected TMT signal-to-noise ratios for proteins in all samples were used as the
mixture matrix. The “Impute Cell Fractions” module was used for this analysis using
default settings. Cell fractions for each sample were compared to the population mean to
measure the variation of cell fractions across the whole cohort. These values were then
Log?2 transformed, and correlated with z-scored phenotypic measurements to investigate the
correlation between cell fractions and phenotypic outputs. The results were then compared
with the BATLAS dataset (Perdikari et al., 2018). (13) Analysis of human tissue enrichment
for OPABAT correlators of metabolic physiology. De-identified human BAT and SAT
transcript data from 10 patients was measured by microarray. This study followed the
institutional guidelines and was approved by the Human Studies Institutional Review Boards
of Beth Israel Deaconess Medical Center and Joslin Diabetes Center. Details on procedures
of the human adipose tissue collection were described previously (Cypess et al., 2013).

The human BAT was collected from the deep neck region, and the human SAT was from
the superficial/subcutaneous neck region. Differential expression of transcripts was tested
using a two-tailed ttest, and p <0.05 was assigned significant. OPABAT correlators of
metabolic physiology were then mapped onto this dataset. A Fisher’s exact test was set up
by counting the number of proteins on the basis of whether or not they were metabolic
phenotype correlators in OPABAT, and whether or not their transcript abundance was
significantly higher in one tissue. This test was performed for both BAT and SAT, and
tissue enrichment was determined by p < 0.05 in the Fisher’s exact test. (14) Mapping
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OPABAT protein correlators onto human transcript correlators of metabolic physiology.
Twenty women with overweight or obesity participated in a clinical trial conducted at
Washington University School of Medicine in St. Louis (ClinicalTrials.gov NCT02786251).
All participants completed: i) a comprehensive screening evaluation that included a medical
history and physical examination, standard blood tests, and a 75-g oral glucose tolerance
test; ii) a BAT assessment visit to assess BAT volume and activity by using positron
emission tomography-computed tomography (PET-CT) imaging of the neck and torso after
intravenous 2-deoxy-2-[18F]-fluoro-glucose (18F-FDG) injection and a 6-h exposure to mild
cold (Chondronikola et al., 2014; Chondronikola et al., 2016); and iii) a biopsy visit

that involved sampling of the supraclavicular adipose tissue depot (Chondronikola et al.,
2015)-where BAT is localized in people - after 6-h of exposure to thermoneutrality (room
temperature of ~26-28 °C). BAT transcript abundance was measured by bulk RNA-seq,

and data was presented as TPM (Transcripts Per Million). For transcripts with at least 50%
data completeness, transcript abundance was correlated with z-transformed phenotypic data
for each parameter, and correlations with |Pearson’s /= 0.4 and p < 0.05 were considered
significant. OPABAT metabolic physiology correlators were then mapped onto this dataset
to examine the recapitulation of OPABAT correlators in human. This analysis was looped
through all possible pairs of phenotypes (eg., body weight in OPABAT versus BMI in
human). For each pair, false discovery was controlled by permutation test with 10,000
iterations through label randomization of the proteins/transcripts, pairs with p < 0.05 was
considered significant and reported in our work. The phenotypic and transcript data for the
human SAT cohort was requested from a prior work (Emont et al., 2022). The data was
analyzed using the same workflow as described for the human BAT cohort. (15) Association
between disease networks and proteins that correlate with metabolic phenotypes. Established
disease networks were downloaded from DisGeNET (Pinero et al., 2020; Pinero et al.,
2021), and networks with fewer than 3 members were removed. For any given metabolic
phenotype, a Fisher’s exact test was then set up, counting number of proteins that belong

to the following categories: proteins that correlate with the given phenotype and belong

to the candidate disease network; proteins that correlate with this phenotype but do not
belong to the candidate disease network; proteins that do not correlate with this phenotype
but belong to the candidate disease network; proteins that neither correlate with this
phenotype nor belong to the candidate disease network. Both enrichment and depletion were
considered. The test was looped through all disease networks and metabolic phenotypes.
An additional loop was performed testing the association between disease networks and

all protein correlates of metabolic phenotypes. The resulting p values from all tests were
then subjected to multiple test correction using the Benjamini-Hochberg procedure, and any
association with an adjusted p value < 0.05 was considered significant. BioRender was used
for illustration.

OPABAT web application—The OPABAT web application (https://
wren.hms.harvard.edu/opabat/) runs on a Linux virtual machine (Ubuntu 14.04.5 LTS,
Apache 2.4.7). The application is written in R Shiny, and data visualizations were made
possible with these packages: ‘shiny’, ‘tidyverse’, ‘ggpubr’, ‘visNetwork’, ‘png’, ‘dgshiny’,
‘DT’, “‘gsubfn’, ‘shinymanager’ (Wickham et al., 2019).
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QUANTIFICATION AND STATISTICAL ANALYSIS

Quantification and statistical analysis pipelines are described in the sections above. Data
analysis was performed in Excel, R, Prism, and ExpeData as described above. All data
(unless otherwise noted) were presented as mean + S.E.M. All p values (unless otherwise
noted) were calculated using Student’s t test for pairwise comparison of variables, and
two-way ANOVA for comparisons with both group variables and time points as described
in the figure legends. Comparison of CVs were performed using Feltz and Miller’s test
for the equality of coefficients of variation (Feltz and Miller, 1996). For multiple testing
correction, the Benjamini-Hochberg procedure was used, and a p value < 0.05 was
considered significant. For false discovery rate control, an FDR g < 0.05 was set as the
cutoff. Unless otherwise noted, all stated replicates were biological replicates.

ADDITIONAL RESOURCES

OPABAT dataset is provided as an interactive web resource at https://wren.hms.harvard.edu/
opabat/. The QTL mapping data can also be accessed at https://churchilllab.jax.org/
gtlviewer/Chouchani/OPABAT.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Highlights
Diversity outbred proteome architecture annotates biological function of BAT proteins
Co-operative network analysis reveals novel regulators of metabolic physiology
QTL analysis to guide strain selection for specific phenotypic outcomes

Uncovering SFXN5, LETMD1, and ATP1A2 as modulators of BAT thermogenesis and
adiposity
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(A) Overview of the breeding scheme for the collaborative cross (CC) and diversity outbred

(DO) strains.

(B) Comparison of single nucleotide polymorphisms (SNPs) across various populations.

(C) Experimental design of OPABAT.
(D) TMT-based BAT protein quantification.

(E) Genotype and proteome coverage of OPABAT compared to other studies.
(F) OPABAT quantifies more low-abundance proteins than previous reports.
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Figure 2: Co-variation analysis identifies co-operative proteins
(A) OPABAT co-expression network.

(B) Co-operative edges in OPABAT explained by literature evidence.

(C) Highly recapitulated CORUM complexes in OPABAT. Red nodes-recapitulated network
members; gray nodes-missing network members

(D) OPABAT edges recapitulated the TCA cycle.
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(E) Determining co-operative proteins of known protein complexes or pathways. Red nodes-
known members of established networks; blue nodes-neighboring proteins; orange node-the
protein to test co-operativity; gray nodes-all other proteins in OPABAT.

(F) CORUM core complexes and co-operative proteins.

(G) Exemplary co-operative proteins of established complexes. Red edges-interactions
between complex subunits; orange edges-interactions involving co-operative proteins.

(H) Co-operative proteins of established regulators of thermogenesis.

(1) Co-operative partners of UCP1. Red edges- co-operative proteins with evidence in the
literature; gray edges- no evidence in the literature; table-top 10 co-operative proteins of
UCP1.
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Figure 3: OPABAT identifies LETMD1 and SFXNS5 as regulators of UCP1-dependent BAT

thermogenesis
(A) LETMD1expression highly correlated with UCP1.

(B) LETMD1 and UCP1 shared similar mitochondrial expression profiles in tissues. BGE-

beige fat; SKM- skeletal muscle.
(C) Cold-inducible LETMD1 and UCP1 expression in BAT.
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(D) Structured illumination microscopy (SIM) of LETMD1-HA (purple) with mitochondria
outer membrane (OMM) marker TOMMZ20 (green) and inner outer membrane (IMM) COX4
(green). 60 X magnification.

(E) LETMD1-HA fluorescence signal co-localized with COX4 but not TOMZ20.

(F) Trypsin digestion assay of UCP1, LETMD1, and SFXN5 along with TOMM22 (OMM)
and GPD2 (intermembrane space, IMS).

(G) BAT LETMD1 expression in wildtype (WT, LETMD*/*), heterozygous (HET,
LETMD*/), and full knockout (KO, LETMD™") C57BL/6J mice.

(H) BAT UCP1 expression in LETMD1 WT, HET, and KO mice. n = 3.

(1) LETMD1 knockdown (KD) attenuated cellular respiration in differentiated brown
adipocytes. OCR-oxygen consumption rate; 1SO-isoproterenol; oligo-oligomycin; CCCP-
carbonyl cyanide 3-chlorophenylhydrazone; ant/rot-antimycin/rotenone. n = 10.

(J)-(K) LETMD1 KD specifically decreased UCP1 abundance. n=3.

(L) LETMD~~ mice could not maintain body temperature when exposed to cold (4 °C).
WT, n=3; HET,n=4; KO, n=5.

(M)-(N) LETMD"~ mice had blunted response in respiration to CL316, 213 injection.
Baseline measured at thermoneutrality. WT, n = 8; HET, n = 6; KO, n = 5.

(O) SFXN5-UCP1 abundance correlation.

(P) SFXNS5 KD attenuated cellular respiration in differentiated brown adipocytes. OCR-
oxygen consumption rate; NE-norepinephrine; oligo-oligomycin; CCCP-carbonyl cyanide
3-chlorophenylhydrazone; ant/rot-antimycin/rotenone. n = 10.

(Q)-(R) SFXN5 KD did not change UCP1 abundance. n=3.

(S)-(T) SFXN5KP mice have blunted response in respiration to cold exposure. Baseline-
room temperature. n=6.

(W)-(V) MITO-Tag-based metabolomics identified G3P depletion in the mitochondria of
SFXNSKD cells with NE treatment. WT, n=4; KD, n=6.

(W) SFXNS5 and UCP1 are newfound co-operative proteins of the KEGG
glycerophospholipid metabolism pathway in OPABAT. Red nodes and edges- established
pathway; orange nodes and edges- new co-operative proteins/edges.

(X) UCP1-dependent respiration in WT and SFXN5KP mature brown adipocyte
mitochondria using different fuel source, calculated by OCR of G3P (or pyruvate/malate) -
OCR of GDP. n=3.

Data presented as mean £ S.E.M. * p < 0.05, ** p< 0.01, *** p<0.001. (1), (L), (M), (P), and
(S), two-way ANOVA test. (J), (K), (N), (Q), (R), (T), (V), and (X), two-tailed Student’s t
test. (W), Fisher’s exact test.
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Figure 4: Genetic basis for phenotypic variation
(A) Variability of metabolic parameters in the DO cohort.

(B) Workflow of QTL mapping and mouse strain selection.

(C) Phenotype QTLs with LOD score > 6 (the presence of a QTL is 10° times more
probable than its absence).

(D) Manhattan plot of the VO, cold/day QTL.

(E) Founder strain allelic contribution to VO, cold/day (QTL- chromosome 17, 87.49Mbp).
(F) Founder and CC strain selection for low (blue) or high (red) VO, cold/day.
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(G) Manhattan plot of the % body fat QTL.

(H) Founder strain allelic contribution to % body fat (QTL- chromosome 11, 63.08 Mbp).
(1) Founder and CC strain selection for low (blue) or high (red) % body fat.

(J) Manhattan plot of the UCP1 pQTL.

(K) Founder strain allelic contribution to UCP1 protein abundance. (QTL- chromosome 11,
89.47 Mbp). P value obtained from permutation test with 10,000 iterations.

(L) Founder and CC strain selection for low (blue) or high (red) UCP1 protein expression.
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Figure 5: BAT protein determinants of whole-body metabolic physiology
(A) Number of significant positive and negative protein correlators of each parameter.

(B) Jaccard similarity of protein correlators between metabolic parameters.
(C)-(G) OPABAT protein correlators of adiposity parameters.

(H) Correlation between LEP abundance and % body fat.

(1) Correlation between NPR3 abundance and % body fat.

(J) Correlation between ATP1A2 abundance and % body fat increase.

(K) Correlation between UCP1 abundance and fat mass.
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(L) Correlation between all metabolic phenotypes and top protein correlators/major
established BAT regulators of thermogenesis.
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Figure 6: ATP1A2 inhibits BAT energy expenditure
(A) A model of ATP1A2 as a negative regulator of BAT energy expenditure.

(B) Generation of ATP1A2 overexpression (ATP1A2CF) and ATP1A2 knockdown
(ATP1A2XD) brown adipocytes with adenovirus or siRNA. n = 3.

(C) Averaged Fluo-4 intensity trace (normalized to intensity at 0 min) of control and
ATP1A2CE differentiated brown adipocytes. Intensity plotted as the relative change to
baseline-F/Fg. n = 209 cells.
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(D) Averaged Fluo-4 intensity trace (normalized to intensity at 0 min) of control and
ATP1A2KD differentiated brown adipocytes. Intensity plotted as the relative change to
baseline-F/Fg. n = 209 cells.

(E) Downregulation of PKA substrate phosphorylation in ATP1A20E differentiated brown
adipocytes compared to GFP control measured by phosphoproteomics. n = 4.

(F) ATP1A2 OE attenuated lipolysis in differentiated brown adipocytes. n = 4.

(G) ATP1A2 OE attenuated cellular respiration in differentiated brown adipocytes. OCR-
Oxygen consumption rate; NE-norepinephrine; oligo-oligomycin; DNP- 2,4-Dinitrophenol;
ant/rot-antimycin/rotenone. n = 4.

(H) Body composition analysis of control and BAT-specific ATP1A29F mice under HFD
and TN.

(1) gPCR analysis of ATP1A2 OE in BAT, SAT, and epididymal fat (epi) 2 weeks post
injection. n=8.

(J) % body fat of ATP1A2XP and control cohorts at the initiation of HFD. n = 7.

(K) ATP1A29E and control cohorts % body fat increase post HFD. n = 7.

(L) ATP1A2°E and control cohorts food consumption under HFD. n = 7.

(M) ATP1A2CE and control cohorts lean mass under HFD. n = 7.

(N) ATP1A2CE and control cohorts epi mass post HFD. n = 7.

(O) gPCR analysis of ATP1A2 KD in BAT, SAT, and epi. n=4.

(P) BAT mass of ATP1A2KD and control cohorts post HFD. n = 15.

(Q) BAT tissue appearance post HFD.

(R) BAT histology with H&E staining. The ATP1A2KD BAT exhibited presence of many
small lipid droplets and less whitening. n=3.

Data presented as mean = S.E.M. * p < 0.05, ** p< 0.01, *** p<0.001. (B), (E- fold change),
0, Q). (K),

(M), (N), (O), (P), two-tailed Student’s t test; (E-association), Fisher’s exact test; (C), (D),
(F), (G), (L), two-way ANOVA test.
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Figure 7: Human relevance of OPABAT metabolic physiology correlators
(A) OPABAT correlators are enriched among transcripts with higher BAT expression than

SAT in human. n=10.
(B) Variability of metabolic parameters in a cohort of 20 female patients.

(C) Comparing OPABAT protein-phenotype correlators to human SCVAT transcript-
phenotype correlators.
(D) Recapitulated correlators of adiposity between OPABAT and human SCVAT.
(E) Number and percentage of adiposity correlators recapitulated in human SCVAT.

Cell. Author manuscript; available in PMC 2023 November 23.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnue Joyiny

Xiao et al.

Page 52

(F) OPABAT correlators of body weight recapitulated as human SCVAT correlators of BMI.
(G) Comparing OPABAT protein-phenotype correlators to human SAT transcript-phenotype
correlators.

(H) Recapitulated correlators of adiposity between OPABAT and human SAT.

(1) Number and percentage of adiposity correlators recapitulated in human SAT.

(J) OPABAT correlators of body weight recapitulated as human SAT correlators of BMI.
*p <0.05, ** p< 0.01, *** p<0.001. (E), (F), (1), and (J) permutation test. (A), (F and
J-enrichment), Fisher’s exact test.
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REAGENT or RESOURCE SOURCE IDENTIFIER

Antibodies

Anti-HA mouse mAb Abcam Cat#abh18181, RRID:AB_444303
Anti-Rabbit IgG HRP Conjugate Promega Cat#W4011, RRID:AB_430833
IRDye secondary antibody LICOR Cat#925-68071, RRID:AB_2721181
Anti-TOMM20 rabbit mAb Cell Signaling Cat#42406, RRID:AB_2687663
Anti-COX4 rabbit mAb Cell Signaling Cat#4850, RRID:AB_ 2085424
Anti-mouse Alexa Fluor 568 Invitrogen Cat#A-11004, RRID:AB_2534072
Anti-rabbit Alexa Fluor 647 Invitrogen Cat#A-21245, RRID:AB_2535813
Anti-LETMD1 Sigma-Aldrich Cat#HPAQ74361, RRID:AB_2686682
Anti-UCP1 Abcam Cat#ab10983, RRID:AB_2241462
Anti-CS Proteintech Cat#16131-1-AP, RRID:AB_1640013
Anti-GPD2 Abcam Cat#ab188585

Anti-SFXN5 Abcam Cat#ab172971

Anti-TBP Cell Signaling Cat#44059

Anti-VCL Sigma-Aldrich Cat#Vv9264, RRID:AB_10603627
Anti-CNX Cell Signaling Cat#2679, RRID:AB_2228381

Bacterial and Virus Strains
ATP1A2 overexpression adenovirus
Cre overexpression adenovirus
GFP overexpression adenovirus
AAVE-CMV-DIO-mATP1A2
AAV8-CAG-GFP-WPRE
AAV8-UB-GFP-ATP1A2-shRNA
AAV8-shRNA-SFXN5
AAV8-shRNA-scramble

Biological Samples

Chemicals, Peptides, and Recombinant Proteins

CL316,243

cOmplete™ Protease Inhibitor Cocktail

PhosSTOP, Phosphatase Inhibitor
EPPS

Bond-Breaker™ TCEP Solution, Neutral pH

lodoacetamide
Dithiothreitol (DTT)
Lys-C

Trypsin

Hydroxylamine

Vector Biolabs
University of lowa Viral Core Facility
University of lowa Viral Core Facility
Vector Biolabs
Boston Children’s Hospital Viral Core
VectorBuilder
VectorBuilder
VectorBuilder

Sigma-Aldrich
Sigma-Aldrich
Sigma-Aldrich
Sigma-Aldrich
ThermoFisher Scientific
Sigma-Aldrich
Sigma-Aldrich

Wako Chemicals
Promega

Sigma-Aldrich

Cat#ADV-201680
Cat#AD5CMVCre
Cat#AD5CMVeGFP
Custom order

Custom order

Custom order
Cat#VB900056-6989wbw
Cat# VB010000-0023]ze

Cat#C5976
Cat#CO-RO
Cat#PHOSS-RO
Cat#E9502
Cat#77720
Cat#11149
Cat#DTT-RO
Cat#125-05061
Cat#Vv5113
Cat#438227
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REAGENT or RESOURCE SOURCE IDENTIFIER
Rosiglitazone Cayman Cat#71740
Isobutylmethylxanthine(IBMX) Sigma-Aldrich Cat#17018
Dexamethasone Sigma-Aldrich Cat#D4902
Insulin Sigma-Aldrich Cat#15500
3,3’,5-Triiodo-L-thyronine (T3) Sigma-Aldrich Cat#T2877
Indomethacin Sigma-Aldrich Cat#l7378
Collagenase B Sigma-Aldrich Cat#COLLB-RO

Opti-MEM

Lipofectamine RNAIMAX
Thymine-d4

Inosine-15N4
Glycocholate-d4

Empore SPE disk C18
High fat rodent diet
Formic acid
Norepinephrine
Glycerol-3-phosphate
Oligomycin

DNP (2,4-Dinitrophenol)
CCCP (carbonyl cyanide 3-chlol
Isoproterenol

Antimycin

Rotenone

Pyruvic acid

Malic acid

GDP

Sucrose

BSA

HBSS buffer

Free glycerol reagent
DMEM respiration medium wit
TRIzol

GoTag gPCR master mix

Critical Commercial Assays

ThermoFisher Scientific
Invitrogen
Cambridge Isotope
Cambridge Isotope
Cambridge Isotope
VWR
OpenSource Diets
Life Technologies
Sigma-Aldrich
Sigma-Aldrich
VWR
Sigma-Aldrich
rophenylhydrazone) Sigma-Aldrich
Sigma-Aldrich
Sigma-Aldrich
Sigma-Aldrich
Sigma-Aldrich
Sigma-Aldrich
Sigma-Aldrich
Sigma-Aldrich
Roche
Corning
Sigma-Aldrich
hout NaHCO3 Sigma-Aldrich
Ambion

Promega

High-Select Fe-NTA Phosphopeptide Enrichment Kit ~ ThermoFisher Scientific

Pierce™ BCA Protein Assay Kit
Micro BCA™ Protein Assay Kit

Qiagen RNA Mini Kit
Giga-MUGA genotyping assay
Pierce anti-HA magnetic beads

Sep-Pak C18 Cartridges

ThermoFisher Scientific
ThermoFisher Scientific
Qiagen
Neogen
Thermo Fisher Scientific

Waters

Cat#31985070
Cat#13778-150
Cat#DLM-1089
Cat#NLM-4264
Cat#DLM-2742
Cat#76333-132
Cat#D12492
Cat#85178
Cat#A9512
Cat#G7886
Cat#80058-538
Cat#D198501
Cat#C2759
Cat#420355
Cat#A8674
Cat#R8875
Cat#107360
Cat#M1000
Cat#G7127
Cat#S7903

Product# 3117057001

Cat#21-023-CV
Cat#F6428
Cat#D5030
Cat#15596018
Cat#A6001

Cat#A32992
Cat#23225
Cat#23235
Cat#12183025
Cat#550
Cat#88836
Cat#WAT054955

Cell. Author manuscript; available in PMC 2023 November 23.



1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Xiao et al.

Page 55

REAGENT or RESOURCE SOURCE IDENTIFIER
Fluo-4 Calcium Imaging Kit ThermoFischer Scientific Cat#F10489
High-capacity cDNA reverse transcription kit ThermoFisher Scientific Cat#4368813
16-plex TMT reagents ThermoFisher Scientific Cat#A44520
TMTpro-134C&135N labeling reagents ThermoFisher Scientific Cat#A52046
Seahorse FluxPaks Agilent Part#102340
Deposited Data
OPABAT raw files This paper https://www.ebi.ac.uk/pride,ID#PXD036947
OPABAT website This paper https://opabat.hms.harvard.edu
Experimental Models: Cell Lines
Primary brown adipocytes This paper N/A
U20Ss ATCC Cat#HTB-96
Experimental Models: Organisms/Strains
C57BL/6J mice The Jackson Laboratory Cat#000664
Diversity outbred mice The Jackson Laboratory Cat#009376
Mito-Tagged mice The Whitehead Institute; Bayraktar et~ N/A
al., 2019
LETMDXO mice This paper; Transgenic Mouse Core at  N/A
Dana-Faber/HMS
Oligonucleotides
ATP1A2 siRNA ORIGENE Cat#SR421739

LETMD1 siRNA

SFXN5 siRNA

sgRNA for LETMD1,
AATGACGCCCCAAGAAACGA
Recombinant DNA

LETMD1-HA DNA sequence
SFXN5-HA DNA sequence

Software and Algorithms
Xcalibur

TraceFinder

Masspike (in house)

Protein Digestion Simulator

Comet

MATLAB

R version 4.0.2
RStuido 2022.02.3+492
ImageJ

OME Remote Objects

Integrated DNA Technologies
Horizon Discovery

Synthego

Huttlin et al., 2021
Huttlin et al., 2021

ThermoFisher Scientific
ThermoFisher Scientific
Huttlin et al., 2010

Pacific Northwest National
Laboratory

Engetal., 2013
MathWorks

R Project

R Studio Team
NIH

Allan et al., 2012

Design ID# mm.Ri.LETMD1.13
Cat#J-057802-06

Custom order

N/A
N/A

Cat#OPTON-30965
Cat#OPTON-30688
N/A

https://pnnl-comp-mass-spec.github.io/
Protein-Digestion-Simulator/

http://comet-ms.sourceforge.net
https://www.mathworks.com
https://www.r-project.org
https://rstudio.com
https://imagej.nih.gov/ij/

https://www.openmicroscopy.org
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REAGENT or RESOURCE

SOURCE

IDENTIFIER

Cytoscape 3.7.2

Prism 9

Pymol version 2.3.1
CUDA-accelerated 3D-SIM reconstruction code
ExpeData software package

DatLab version 7.4.0.4

Other

Q-Exactive HF-X mass spectrometer
Orbitrap Eclipse Mass Spectrometer
FAIMSPro

EASY-nLC™ 1200 System

WPS-3000TBFC Biocompatible Well Plate
Autosampler

TCC-3000RS Thermostatted Column Compartment

LPG-3400RS Quaternary Pump w/Degasser
Multi-Therm heat-shake

Wollenberger tongs

TissueLyser I

Luna 5 pm NH2 column

SunFire Prep C18 5 um OBD column

2545 Binary Gradient Module

2489 UV/Visible Detector

High tolerance coverslips for SIM imaging
EchoMRI 3-in-1 body composition analyzer

OneTouch UltraMini blood glucose meter and test
strips

Promethion indirect calorimetry system

Parr 6725EA Semimicro Calorimeter

Parr 1107 Oxygen Bomb

Oroboros O2K High-Resolution respirometer
QuantStudio 6 Flex Real-Time PCR

Rectal temperature probe

Rectal temperature probe reader

Seahorse XF24 Extracellular Flux Analyzer

DeltaVision OMX Blaze

Shannon et al., 2003
GraphPad

Schrodinger
Gustafsson et al., 2008
Sable Systems International

Oroboros Instruments

ThermoFisher Scientific
ThermoFisher Scientific
ThermoFisher Scientific
ThermoFisher Scientific

ThermoFisher Scientific

ThermoFisher Scientific
ThermoFisher Scientific
Sigma-Aldrich

Xiao et al., 2020
QIAGEN

Phenomenex

Waters

Waters

Waters

MatTek

Echo MRI LLC
LifeScan IP Holdings, LLC

Sable Systems International
Parr Instrument Company
Parr Instrument Company
Oroboros Instruments
Applied Bio-systems
Physitemp

Physitemp

Agilent

GE Healthcare

https://cytoscape.org/index.html

https://www.graphpad.com/scientific-

software/prism/
https://[pymol.org/2/
N/A

N/A

https://www.oroboros.at/index.php/product/

datlab/

Cat#0726042
Cat#FSNO04-10000
Cat#FMS02-10001
Cat#L.C140
Cat#5841.0020

Cat#5730.0000
Cat#5040.0036
Cat#Z755753
N/A

Cat#85300
Cat#00F-4378-B0
Cat#186003969
Cat#2545
Cat#2489
Cat##PCS-170-1818
N/A

N/A

N/A
Cat#6725EA
Cat#1107
Cat#10023-01
Cat#4485699
Cat#RET3
Cat#BAT12
N/A

N/A
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