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SUMMARY

Human cells are able to sense and adapt to variations
in oxygen levels. Historically, much research in this
field has focused on hypoxia-inducible factor (HIF)
signaling and reactive oxygen species (ROS). Here,
we perform genome-wide CRISPR growth screens
at 21%, 5%, and 1% oxygen to systematically identify gene knockouts with relative fitness defects in
high oxygen (213 genes) or low oxygen (109 genes),
most without known connection to HIF or ROS.
Knockouts of many mitochondrial pathways thought
to be essential, including complex I and enzymes in
Fe-S biosynthesis, grow relatively well at low oxygen
and thus are buffered by hypoxia. In contrast, in
certain cell types, knockout of lipid biosynthetic
and peroxisomal genes causes fitness defects only
in low oxygen. Our resource nominates genetic diseases whose severity may be modulated by oxygen
and links hundreds of genes to oxygen homeostasis.
INTRODUCTION
Oxygen is the most commonly used substrate across all known
biochemical reactions, surpassing even ATP and NADH (Raymond and Segrè, 2006). The evolution of photosynthesis nearly
two billion years ago led to a critical turning point for the earth’s
atmosphere—the rise of oxygen. The availability of oxygen facilitated new types of chemistry (e.g., sterol synthesis) while simultaneously boosting energy yields by providing a thermodynamically favorable terminal electron acceptor. However, the ‘‘great
oxygenation event’’ also resulted in the increased production
of toxic free radicals. This balance between the beneficial and
deleterious effects of oxygen imparted a strong selective pressure on the evolution of different lifeforms.
Humans are regularly exposed to different oxygen tensions.
We live at altitudes ranging from sea-level (21% O2) to 4,500 m

(11% O2) and can even visit the peak of Mt. Everest (5% O2) while
breathing atmospheric air. Acutely, humans can adapt to rapid
O2 fluctuations via changes in ventilation and an increase in
erythropoiesis. Over evolutionary timescales, there has been genetic selection for adaptive pathways in high altitude populations. These studies have identified polymorphisms in the canonical vHL-PHD-HIF O2 sensing pathways (Beall et al., 2010; Peng
et al., 2011; Simonson et al., 2010; Xu et al., 2011; Yang et al.,
2017; Yi et al., 2010), representing the most rapid known
example of recent natural selection. Even at a fixed altitude,
most metabolites are maintained at a relatively stable steady
state in the human body (Ivanisevic et al., 2015). However, oxygen levels vary drastically from the arterial (100 mmHg) to venous
circulation (40 mmHg), and even within a given tissue can span a
wide range of tensions (Ast and Mootha, 2019; Carreau et al.,
2011). It follows that humans must have cellular programs to
cope with fluctuating oxygen levels.
Extreme fluctuations in oxygen availability can exceed our
body’s adaptive capacity, resulting in organ damage. Oxygen
limitation contributes to some of the leading causes of death in
developed countries, including stroke, ischemic heart disease,
and kidney injury (Semenza, 2014). At the opposite extreme,
excess oxygen can lead to retinopathy of prematurity (Hartnett
and Penn, 2012), seizures, and acute respiratory distress (Wertlake and Winter, 1965). Recent epidemiological studies are
beginning to demonstrate detrimental effects of excess supplemental oxygen in critically ill patients (Chu et al., 2018; Girardis
et al., 2016). We recently demonstrated that the neurological disease of a mouse model of mitochondrial Leigh syndrome is
dramatically alleviated by chronic hypoxia and exacerbated at
high ambient oxygen tensions (Ferrari et al., 2017; Jain et al.,
2016, 2019). We also showed that neurological symptoms in a
mouse model of Friedreich’s ataxia can be prevented with hypoxia (Ast et al., 2019).
Despite the fundamental importance of oxygen in evolutionary
biology, human physiology, and disease, we currently lack a
complete understanding of human genes and pathways that
are sensitive to fluctuations in oxygen tensions. In recent times,
this field has primarily focused on the role of the vHL-PHD-HIF
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system in hypoxic adaptation. In contrast, a systematic investigation may highlight other pathways that inform our understanding of oxygen homeostasis as well as clinical conditions of
ischemia, hypoxia, and oxygen toxicity. Importantly, such work
will help prioritize genetic diseases that may benefit from modulating oxygen availability.
Here, we use CRISPR/Cas9 technology to systematically
identify human genes and pathways that exhibit different fitness
in high and low oxygen environments, namely 21% O2 versus
5% and 1% O2. This contrasts with all recent databases of
essential genes in proliferating cell lines, which were performed
in standard tissue culture conditions of 21% O2 (Blomen et al.,
2015; Wang et al., 2017) even though most tissues are exposed
to less than 10% O2 (Carreau et al., 2011). Our resource identifies
pathways differentially essential in high and low oxygen and
nominates genes likely to be involved in oxygen sensing,
signaling, and metabolism.

We sought to determine if any biological pathways emerge
from the screening hits. Interestingly, oxygen-consuming enzymes as defined by the KEGG reactions database were not
selectively essential in high or low oxygen (Table S1). We performed gene set enrichment analysis (GSEA) (Subramanian
et al., 2005) on the rank-ordered lists using a custom database
of 92 metabolism gene sets defined from KEGG metabolism
and cellular process (Kanehisa et al., 2016) (Table S2;
STAR Methods). The mitochondrial oxidative phosphorylation
(OXPHOS) gene set was the most enriched for being selectively
essential at high oxygen tensions (Figures 1D and 1E). We further
subdivided this gene set into complex I versus complex II-V,
finding that the signal arose primarily from complex I subunits.
At the opposite side of the analysis, peroxisome gene sets
were the most selectively essential at low oxygen tensions. Subdividing this category further demonstrated that the signal arose
primarily from peroxisome biogenesis genes and peroxisomal
ether lipid synthesis.

RESULTS
Genome-wide Screen Identifies Genes with Differential
Fitness in High versus Low Oxygen
Tissue oxygen levels vary from less than 1% O2 in the lumen of
the large intestine to just under 21% O2 in trachea (Carreau
et al., 2011) (Figure 1A). Ultimately, a balance between oxygen
delivery and oxygen consumption sets the local partial pressure
of oxygen (PO2). To span the full spectrum of physiologically relevant oxygen tensions, we focused on 1%, 5%, and 21% O2
exposure. We generated a genome-wide pool of K562 knockout
(KO) cells using the Brunello library, targeting 20,000 genes using >76,000 guide RNAs (Figure 1B) (Doench, 2016). Following
puromycin selection, cells were split into the three different oxygen tensions. Samples were collected at days 9 and 15 postinfection to track the gradual depletion or accumulation of a
given gene KO in the various oxygen tensions. Of note, all experiments were performed in magnetic spinner flasks to ensure
rapid gas equilibration and to ensure a near-equal oxygenation
across cells in each condition. A doubling time of 24 h was
maintained at 21% and 5% O2, whereas 1% O2 exposure resulted in a doubling time of 36 h (Figure 1C).
To identify metabolic pathways that exhibit differential fitness
as a function of oxygen tension, we used the MAGeCK algorithm
to find gene KOs that are differentially abundant in 21% versus
1% O2 at the 15-day time point (Li et al., 2014) (Table S1). We
identified 213 gene KOs that showed significant depletion in
21% versus 1% O2, and 109 gene KOs that showed significant
depletion at 1% versus 21% O2, at a 0.1 false discovery rate
(FDR) (Figure 1D; Table S1). The vast majority of these differentially abundant KOs were significantly depleted compared to
the early time points, and therefore we refer to hits as being
‘‘selectively essential’’ in 21% or 1% oxygen. However, a small
subset are not truly essential at either oxygen tension but rather
exhibit a growth advantage in one oxygen tension and hence are
high scoring (see Table S1). Although we use the term ‘‘selectively essential’’ in this resource, careful comparison to initial
guide counts, and follow-up experiments, are required to
formally determine the nature of the interaction (synthetic lethal,
buffering, etc.) between the gene KO and ambient oxygen.
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Genes Related to High Altitude Adaptation and the
Hypoxia Transcriptional Response Are Not Selectively
Essential in Hypoxia
We asked whether the canonical hypoxia adaptation pathways
are enriched at either extreme in our CRISPR screen. We examined genes that are under recent natural selection in humans
adapted to high altitude (Yang et al., 2017). Interestingly, these
genes (Table S3) do not appear to be selectively essential in
high or low oxygen in our screening dataset (Figure 2A). The
most reproducibly identified SNPs associated with high altitude
are found in the canonical cellular oxygen sensing pathway of
vHL-PHD-HIF (Yang et al., 2017). These variants of PHD2 and
HIF2a are believed to dampen the endogenous hypoxia transcriptional program and limit extreme polycythemia. Interestingly, while vHL KOs show a fitness advantage in 21% oxygen,
other key members of the hypoxia transcriptional response
(HIF, PHD1-3, and ARNT) do not appear to be selectively essential in our screen (Table S1).
We next asked whether targets of the vHL-PHD-HIF pathway
are selectively essential in high versus low oxygen. Using previously curated lists of HIF targets (Benita et al., 2009), we did not
find any enrichment for HIF targets being selectively essential in
our dataset (Figure 2B). Notably, glycolytic enzymes are key targets of the HIF program, however, the core glycolytic machinery
is essential at all oxygen tensions, whereas other glycolytic components have paralogs and thus are insensitive to knockout at
any oxygen tension.
To better compare the transcriptional response in our experimental system, we performed a matched RNA sequencing
(RNA-seq) time course to accompany the CRISPR screening
conditions. As expected, known HIF targets (including the
glycolysis pathway) were upregulated at 1% and 5% O2 at
the 3-day time point (Figures 2C and 2D). However, due to a
known regulatory negative feedback loop (Henze and Acker,
2010), some key HIF targets returned to baseline expression after 6 days at 1% O2. Because our genetic screen was performed over a 15-day time frame, such transcriptional dynamics were collectively integrated into our final readout of
gene essentiality. Although key HIF targets were
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Figure 1. Genome-wide Screen Identifies Genes that Are Selectively Essential as a Function of Oxygen Levels
(A) Approximate tissue PO2 values across the human body (Carreau et al., 2011); blue for low PO2 and red for high PO2.
(B) Experimental design for genome-wide screen. Three environmental oxygen tensions were tested at days 0, 9, and 15 of treatment (n = 3 per D15 and D0 time
points, n = 2 for D9 time points).
(C) Cumulative relative growth throughout screens for cells exposed to 1%, 5%, and 21% O2 (average shown for all technical replicates, curves at 21% and 5%
overlap).
(D) All 20,112 genes are ranked by their selective essentiality in 21% versus 1% O2. The two sides of the list are compiled independently by running MAGeCK
analysis on 21% versus 1% O2 and then in 1% versus 21% O2. Red and blue color indicates genes selectively essential at 10% FDR. Bar plot vertical lines indicate
position of genes in complex I or peroxisome biogenesis (PEX*) gene sets.
(E) KEGG pathways that are selectively essential in 1% O2 (blue) or 21% O2 (red).

transcriptionally upregulated during acute hypoxia (Figure 2D),
the genes that we found to be selectively essential as a function
of oxygen tension were not transcriptionally regulated and were
indistinguishable from the background distribution of all expressed genes, even when employing a less conservative
FDR of <0.3 (Figure 2D, black versus gray curves). The incongruence between gene essentiality and the canonical HIF transcriptional program may result from cell autonomous versus
non-cell autonomous components of the hypoxia response
(e.g., control of red blood cell mass, catecholamine release,
changes in capillary density, etc.) or differences in timescales
(e.g., acute and chronic hypoxia adaptations).

Dozens of Mitochondrial Disease Genes Are Selectively
Essential in High Oxygen
We previously demonstrated the benefit of breathing 11% O2 in a
mouse model of complex I deficiency (Ferrari et al., 2017; Jain
et al., 2016) as well as in preclinical models of Friedreich’s ataxia
due to frataxin (FXN) deficiency (Ast et al., 2019). A key motivation for the current study was to understand which genetic disorders may be buffered or exacerbated by variations in oxygen
levels. Of the 213 genes that are selectively essential in 21%
versus 1% O2 (Table S1), 76 underlie Mendelian disorders (Figure 3A). Strikingly, 52 of these genes are associated with primary
or secondary mitochondrial disease (Frazier et al., 2019)
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Figure 2. High-Altitude SNPs and Hypoxia-Inducible Transcripts Are Not Selectively Essential as a Function of Oxygen Levels
(A) High-altitude SNPs identified in Tibetan high-altitude natives (Yang et al., 2017) shown in orange on genes ranked as in Figure 1D.
(B) Canonical HIF targets (Benita et al., 2009) shown in orange.
(C) Heatmap of normalized transcript levels in 21%, 5%, and 1% O2 performed in triplicate. Relative expression (Z score) indicates genes downregulated (blue) or
upregulated (orange) in hypoxia.
(D) Distribution of gene expression Z scores at two time points at 5% and 1% O2 relative to 21% O2. All genes shown in light gray. Genes selectively essential in
1% versus 21% O2 from CRISPR screen (FDR <0.3) shown in black. Experimentally defined HIF targets (Benita et al., 2009) shown in orange.

(Figure 3B). Indeed, 103 of the 213 genes encode mitochondrial
proteins, reflecting a near 10-fold enrichment compared to nonmitochondrial genes (Figure 3A). Notably, our screen recovers
the majority of core complex I subunits and FXN as selectively
essential in 21% O2 (Figures 3B and 3C). However, NDUFS4
(the specific complex I disease gene whose loss we previously
rescued in mice with hypoxia therapy) was not a hit in this screen,
because this accessory subunit is not essential for K562 cell proliferation. Dozens of additional human mitochondrial disorders
are now predicted to be sensitive to oxygen (Figure 3B),
including pyruvate dehydrogenase (PDH) deficiency, autosomal
dominant optic atrophy (OPA1), Charcot-Marie-Tooth (MFN2),
sideroblastic anemia (GLRX5), and Barth syndrome (TAZ). Our
screen prioritizes other disease genes including monogenic
forms of Parkinson’s disease (HTRA2) and several non-mitochondrial genes underlying porphyrias (PPOX and UROD). Of
course, these screening results only generate hypotheses that
would require extensive additional preclinical studies to further
substantiate the beneficial effects of hypoxia.
Complex I, but Not Other ETC Complexes, Is Selectively
Essential in High Oxygen
Our screen shows a striking enrichment for certain mitochondrial pathways being selectively essential at 21% versus 1%
O2: complex I of the electron transport chain, the pyruvate dehydrogenase (PDH) complex, the mitochondrial pyruvate transporter (MPC), type II fatty acid synthesis (FASII), CoQ biosyn-
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thesis, and iron-sulfur (Fe-S) cluster biosynthesis (Figures 3C
and S1). Specifically, five Fe-S cluster biosynthesis genes
were high-scoring (FXN, HSCB, NARFL, NFU1, and NUBPL).
NFS1 shows oxygen sensitivity in other contexts (Alvarez
et al., 2017) but was not significant in our screen because its
KO led to a fitness defect in all oxygen tensions. Intriguingly,
not all mitochondrial pathways were selectively essential in
high oxygen. Using the classic experimental paradigm of
glucose versus galactose media (in which cells rely primarily
on glycolysis and OXPHOS metabolism, respectively), we previously showed that all OXPHOS complexes are essential for survival in glucose-free media (Arroyo et al., 2016), as well as many
genes required for mitochondrial genome maintenance and
expression. In contrast, we observe that only genes encoding
OXPHOS complex I (and not other complexes) are selectively
essential in 21% versus 1% O2 (Figure 3C). Notably, 70%
(25 of 37) of nuclear-encoded complex I subunit deficiencies
were buffered by hypoxia (i.e., the combined growth defect of
gene loss and hypoxia was less than expected in an additive
model). But almost none of complex II-V subunit deficiencies
were buffered at 1% O2 (Figures 3C and 3D). This effect was
validated in follow-up experiments in a second cell type
(HEK293T) where lentivirus-infected pools of individual subunit
KOs were tested for growth in 21%, 5%, and 1% O2 (Figure 3E).
Even after only 3 days in 1% O2, complex I mutants grew at a
similar rate as wild-type (WT) cells in hypoxia, whereas the other
mutants displayed impaired growth (Figure 3E).
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Figure 3. Mitochondrial Genes Are Selectively Essential at High Oxygen Levels
(A) Percentage of screening hits that encode mitochondrial proteins (left) or underlie human Mendelian disease (right) (Frazier et al., 2019; Hamosh et al., 2005).
(B) Disease genes whose loss is buffered by hypoxia in cell culture. Different colors correspond to primary or secondary mitochondrial disease (Frazier et al., 2019)
or non-mitochondrial diseases.
(C) OXPHOS genes are organized by complex with red indicating genes that are hits in current screen (selectively essential in 21% versus 1% O2, left panel) or in
the glucose-galactose screen (unable to survive in galactose, right panel) (Arroyo et al., 2016). Genes are ordered alphabetically within complex using complexspecific prefixes (NDUF, SDH, UQCR, COX, and ATP5) (e.g., A1 in CI refers to NDUFA1 whereas A in CII refers to SDHA).
(D) Single guide (sgRNA) abundance at different time points of screen and oxygen tensions for CI-CV genes. Mean relative abundance (±SEM) shown across 4
guides per gene across all screen replicates.
(E) Experimental validation in HEK293T KO cell lines shows 3-day growth as a function of oxygen tension (mean n = 6 replicates ± SD, Dummy indicates noncoding control). While all KOs showed reduced growth compared to Dummy in 21% O2 and 5% O2, only complex I KOs (bold text) show similar or increased
growth in 1% O2.

Genes Involved in Lipid Metabolism Are Selectively
Essential in Low Oxygen
We then turned to the opposite side of the screen to explore the
109 genes whose loss causes a growth defect in 1% versus 21%
O2 (Figures 1 and 4). This side of the list contains a large number
of genes related to lipid metabolism and peroxisomal metabolism. The former pointed us to literature linking oxygen availability to membrane fluidity (Ackerman and Simon, 2014; Acker-

man et al., 2018; Sormendi and Wielockx, 2018). Membrane
fluidity is a dynamic parameter known to be influenced by variables such as lipid composition, temperature, and oxygen. In
normoxia, membrane fluidity is maintained by the production
of unsaturated fatty acids. However, desaturase enzymes are
oxygen-dependent, and hypoxic inhibition of stearoyl-coenzyme
A (CoA) desaturase (SCD) can decrease the ratio of unsaturated
to saturated fatty acids. This leads to impaired cell growth, likely
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via increasing membrane rigidity (Kamphorst et al., 2013; Volmer
et al., 2013). Certain tumor cell lines can adapt to this membrane
stress by scavenging unsaturated lipids from the media (Kamphorst et al., 2013) or by sequestering toxic saturated fatty acids
into lipid droplets (Ackerman et al., 2018; Piccolis et al., 2019).
Many of the genes we observe to be selectively essential at
1% versus 21% O2 are logical hits given their established roles
in regulating production of unsaturated lipids and membrane
fluidity. AMFR (rank 1) and SREBF1 (rank 2) are key regulators
of lipid metabolism (Liu et al., 2012) and were recently identified
to guard against saturated fatty acid (palmitate) toxicity (Piccolis
et al., 2019). ADIPOR2 (rank 4) was reported to be a regulator of
membrane fluidity in worms and in human cell lines (Ruiz et al.,
2019). ACSL4 (rank 13) encodes an acyl-CoA synthase with a
preference for polyunsaturated fatty acids (Klett et al., 2017),
while its paralog ACSL3 prefers saturated fatty acids and scored
on the opposite side of our screen.
We more closely examined hits related to the peroxisome (Figure 4A). Peroxisomes are single membrane organelles that
house 100 proteins responsible for ether lipid synthesis, very
long chain and branched fatty acid oxidation, and H2O2 metabolism (Schlüter et al., 2007; Waterham and Ebberink, 2012;
de Vet et al., 1999). Defects in any of the 14 peroxisomal biogenesis proteins abolish or attenuate nearly all peroxisomal pathways (Waterham and Ebberink, 2012). Among 87 KEGG-annotated peroxisomal genes, eleven genes were selectively
essential (FDR %0.3) in low oxygen: seven genes involved in
peroxisomal biogenesis (PEX*), ACSL4, and enzymes involved
in ether phospholipid biosynthesis (FAR1, GNPAT, and AGPS)
(Figures 4A and 4B). Peroxisome-derived ether lipids have a
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Figure 4. Peroxisomal Genes Are Selectively Essential in Low Oxygen
(A) Schematic of peroxisomal pathways with blue
color indicating pathways and genes selectively
essential in 1% versus 21% O2 (FDR %0.3). Subunits refer to PEX biosynthesis genes (e.g., 10 refers to PEX10).
(B) sgRNA abundance corresponding to ether
phospholipid synthesis genes and peroxisome
biogenesis genes. Mean sgRNA relative abundance (±SEM) shown across 4 guides per gene
across all screen replicates.
(C) Cell counts for HEK293T non-coding (NC)
control and knockout cell lines grown in low serum
(3% FBS) for 2 days at different oxygen tensions
and treated with vehicle, 10 mM oleic, or 10 mM
palmitic acid. Bars indicate averages (±SD) for
triplicate experiments each with technical duplicates (n = 6). Dotted line indicates level of NC1
vehicle-treated control cells.

signature ether linkage at the sn-1 position. A subset of ether lipids are plasmalogens, which have a vinyl-ether linkage at
the sn-1 position (Braverman and Moser,
2012) introduced by an endoplasmic reticulum protein TMEM189 (Gallego-Garcı́a et al., 2019), which is also selectively
essential in 1% versus 21% O2 (rank 6). We did not observe
any high scoring peroxisomal pathways related to amino acid
metabolism, fatty acid oxidation, or catalase.
Hypoxic Growth Defects Are Rescued by Unsaturated
Fatty Acids
We hypothesized that the differential essentiality of peroxisomes
and ether phospholipid biosynthesis in 1% versus 21% O2 might
be acting through hypoxia’s known effects on membrane fluidity.
Indeed, previous studies have shown that peroxisome mutants
at 21% O2 have reduced membrane fluidity (Nagura et al.,
2004). To test this hypothesis, and to assess a second cell
type, we exposed HEK293T peroxisomal KO cell lines to high
levels of either saturated (palmitic acid) or unsaturated (oleic
acid) fatty acids at 21% and 5% O2. As in our screen,
HEK293T cells also showed selective essentiality of peroxisomal
genes in low oxygen (Figure 4C). WT and KO cells both show a
baseline growth defect in low oxygen that is worsened with addition of palmitic acid, while oleic acid rescued growth defects in
hypoxia (Figure 4C). Impaired growth of peroxisomal KO cells
in hypoxia is not related to impaired formation of lipid droplets,
which is grossly intact in FAR1 KO cell lines (Figure S2). We
also note that although previous studies have shown that hypoxia can induce pexophagy in animals (Walter et al., 2014), peroxisomes are intact in HEK293T cells exposed to hypoxia
(Figure S3).
We propose that peroxisome metabolism becomes important
in low oxygen secondary to the saturated fatty acid toxicity present in hypoxia, but we note that this phenomenon is likely to be
highly cell-type-specific and sensitive to cell culture conditions
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(e.g., lipid composition of media, seeding density). The growth
defects of peroxisome KOs that we observed in our screen
(K562 cells) was confirmed by growth assays in follow-up
studies in HEK293T cells, but not in HeLa cells, MCH58 fibroblasts cells, or in K562 cells outside of the screening conditions.
Similar to experiments investigating SCD inhibition (Kamphorst
et al., 2013), the selective essentiality of PEX genes is masked
by high serum conditions (10% FBS) and only becomes
apparent in low-lipid conditions (3% FBS).
Biosynthesis of Peroxisome-Derived Lipids Is Increased
in Hypoxia
Given these screening results, we asked whether the production of
any peroxisome-derived lipids is increased in hypoxia. Applying
lipidomics in K562 cells, we measured 454 annotated lipid species
in WT and PEX KO cells as a function of oxygen tension (in low
serum conditions) (Table S4). As expected, cells exposed to
24 h hypoxia (5% O2) had increased levels of saturated lipids (Figure 5A). Of the 21 measured lipid classes, lyso-phosphatidylethanolamines (LPEs) and lyso-phosphatidylcholines (LPCs) were
particularly increased (Figure 5B), consistent with previous reports
showing they can be scavenged by hypoxic cells (Kamphorst
et al., 2013). Of the 44 lipids annotated to be peroxisome-derived,
eight were significantly elevated in hypoxia (p < 0.05 after Bonferroni correction, Figure 5C)—the most significant being saturated
lyso-ether-phospholipids, LPE(O-18:0), LPE(O-16:0), LPC(O18:0), and LPC(O-16:0), where ‘‘O’’ denotes an ether linkage (Figure 5D). These eight ether lipids were elevated in hypoxia only in
cells with intact PEX genes, indicating they were synthesized by
the peroxisome during hypoxia and not scavenged from the media
(Figure 5D). Using a complementary approach (see STAR
Methods), we replicated these results using HEK293T cells (Figure 5E,F), and again, the elevation of saturated, peroxisomederived lyso-ether-phospholipids only occurred in cells in which
peroxisome genes were intact (Figure S4). We then asked whether
the observed changes in peroxisome-derived lipids could be
attributable to oxygen limitation of SCD action during hypoxia.
Exposing WT HEK293T cells grown at 21% O2 to a potent small
molecule inhibitor of SCD (SCDi) recapitulated key features of
the hypoxic profile, notably a striking increase in saturated lysophospholipids, including saturated lyso-ether-phospholipids (Figure 5G). We also observed a similar pattern for di-saturated diacylglycerols (DAGs) (Figure 5H), recently identified to be effectors of
saturated lipid toxicity (Piccolis et al., 2019).
Collectively, our screening results and follow-up studies suggest a role for peroxisomal metabolism in maintaining membrane
fluidity. Previous studies have suggested that in the setting of
hypoxia, the toxicity that arises from inhibition of SCD can be
buffered either by the formation of lipid droplets or by scavenging of unsaturated fatty acids from the media. Our work proposes a third strategy—peroxisomal ether lipid synthesis—that
may represent an additional strategy to alleviate membrane rigidity stress (Figure 5I).
Essentiality of Peroxisomes Correlates with Lipid
Saturation across Hundreds of Cell Lines
We next wondered if the fitness contributions of peroxisomes
under hypoxia might extend to other cell states characterized

by high levels of saturated lipids. Therefore, we searched for a
correlation between gene essentiality and saturated lipid levels
using the Cancer Dependency Map that performed CRISPR essentiality screens and metabolomics across 447 cancer cell lines
(Li et al., 2019; Meyers et al., 2017; Tsherniak et al., 2017). For
each cell line and each lipid class, we defined a metric of lipid desaturation (defined as mean number of double bonds, weighted
by lipid abundance within the individual lipids in the class). We
then asked which genes’ essentially scores (CERES scores)
correlated with lipid desaturation. Following correction for multiple hypothesis testing, 9 genes emerged (Figures 6A and S5):
SCD itself, regulators of SCD (SREBF1, SCAP), four genes we
show are selectively essential at 1% versus 21% O2 (PEX2,
PEX6, SREBF1, and TMEM189), and three additional genes
(CEP44, CTNNB1, and MBTPS1). Specifically, there is a clear
correlation between the number of double bonds and the dependency of SCD and certain peroxisomal genes (e.g., PEX2) in
three different lipid classes (Figures 6B and S5). Across hundreds of cell lines, cells with high levels of saturated lipids tend
to require both SCD and certain peroxisomal genes for growth,
extending the relationship between peroxisomes and lipid saturation to other conditions besides hypoxia.
DISCUSSION
Cellular and organismal health is based on interactions between
genetic background and external factors such as environment,
nutrition, and behavior. It seems logical that the optimal oxygen
environment for a cell, tissue, or organism differs across genetic
backgrounds. We recently found that defects in mitochondrial
complex I or frataxin are buffered by reduced environmental oxygen tensions. This led us to propose hypoxia as an experimental therapy for mitochondrial diseases (Ferrari et al., 2017;
Jain et al., 2016, 2019). Here, we ask the converse question—
which genetic backgrounds induce fitness defects that can be
ameliorated by increasing or decreasing oxygen. Our screen
yields a resource of hundreds of genes that show differential
fitness as a function of ambient oxygen. We envision that our
screening data will serve as a valuable resource for a number
of different applications.
Our screen yields a resource of hundreds of genes and pathways that should be of interest in studying the basic biology of
oxygen. Notably, the majority of the genes we have identified
fall outside of extensively studied areas (e.g., HIF signaling and
reactive oxygen species), indicating that new oxygen-related
biology awaits discovery. Recent publications help to credential
the quality of our screening hits. For example, the histone demethylase KDM6A (9th most selectively essential gene in 1% versus
21% O2) was recently shown to directly sense oxygen and relay
this information to chromatin modifications and cell fate (Chakraborty et al., 2019). TMEM189 (5th most selectively essential gene
in 1% versus 21% O2) was recently shown to encode an oxygenregulated fatty acid desaturase in the synthesis of plasmalogens
(Gallego-Garcı́a et al., 2019). We recently demonstrated that
GLRX5, FBXL5, and FXN (ranking 1st, 23rd, and 33rd in the 21%
side, respectively) KO cells exhibit a severe growth defect in
21% O2; however they show comparable growth to WT cells at
low O2 (Ast et al., 2019). These contemporary studies provide
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Figure 5. Peroxisomal Lipids Are Synthesized in Hypoxia
(A) Density plot shows saturated lipid levels increased after 24 h exposure to hypoxia (5% oxygen) in K562 control cells treated with sgDummy (non-coding control).
(B) Density plot shows lipid classes that are increased during hypoxia in K562 control cells treated with sgDummy.
(C) Volcano plot shows all confirmed peroxisome-derived lipids, where color indicates lipid class and shape indicates linkage (circle denotes ether, cross denotes
vinyl-ether).
(D) Heatmaps show all eight peroxisome-derived lipids that are significantly increased in hypoxia in K562 cells treated with sgDummy (non-coding control) (top)
and all lyso-phospholipids (bottom). Heatmaps show relative lipid abundance in sgDummy and CRISPR knockout cell lines, with lipids ordered by fold change
(FC) between mean of control cells in 5% versus 21% oxygen. Bold indicates peroxisome-derived lipids and asterisk indicates lipid not elevated in hypoxia.
(E–G) Fold change of selected lyso-phospholipid species in hypoxia (5% versus 21%) in K562 cells (E) and HEK293T cells (F) and in HEK293T cells with SCDi
treatment (SCDi versus Veh) (G). Bars show mean (+/ SD) for triplicate experiments. Red line indicates fold change 1.
(H) Fold change of saturated DAG species in different conditions (compared to sgDummy at 21% O2) shows changes due to FAR1 knockout, hypoxia, and FAR1
KO and hypoxia.
(I) Schematic model shows hypoxia inhibits SCD that induces toxicity that can be abrogated by three known mechanisms: lipid droplet formation (Piccolis et al.,
2019), lyso-phospholipid scavenging (Kamphorst et al., 2013), or peroxisomal ether lipid synthesis shown here.
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strong independent validation of hits on both sides of our screen.
Of course, the precise set of genes that exhibit oxygen-sensitive
fitness defects will be influenced by cell type, media conditions,
and the type of genetic interaction (e.g., buffering, suppressor,
synthetic lethal). Future work is needed to validate and mechanistically characterize these screen hits.
Our inventory is also likely to be of use in translational
research. For example, tumor hypoxia is one of the worst prognosis factors for survival (Martin et al., 2016). The cores of solid
tumors are typically deprived of nutrients and oxygen. By identifying the genetic dependencies of cell proliferation in a hypoxic
environment (Table S1), including lipid and peroxisomal metabolism, we are also identifying potential targets for novel chemo-

Figure 6. Essentiality of Peroxisome Genes
Correlates with Lipid Saturation across Hundreds of Cell Lines
(A) For each of 17,635 genes, correlation between
growth of CRISPR KO (CERES score) and lipid desaturation metric (weighted mean number double
bonds) are shown for three lipid classes: lyso-phosphatidylethanolamine (LPE), triacylglyerol (TAG), and
phosphatidylcholine (PC). Significant hits shown in
red (Bonferroni corrected p value <0.05). Positive
correlation indicates genes are essential in cells with
high levels of saturated lipids.
(B) For two top-scoring genes (PEX2 and SCD),
Spearman correlations between individual lipid
abundance and growth of CRISPR KO (CERES
score, where lower score indicates lower growth, i.e.,
greater essentiality) are shown for all measured lipids
in each class. Lipids are grouped by the number of
double bonds (e.g., LPE(16:0) and LPE(18:0) grouped
under LPE.0), and individual lipids are colored by
significance of correlation. Figure S5 shows results
for all lipids.

therapeutics. Additionally, we have identified a list of essential genes at the more
physiological 5% oxygen level (Table S1).
This will provide clues as to which small
molecule inhibitors can be safely administered without affecting cellular health.
Moreover, we have highlighted additional
inborn errors of metabolism that may
benefit from modulating oxygen tensions
and delivery (Figure 3B).
We find a striking enrichment for several
mitochondrial pathways, including complex
I deficiency and iron sulfur biogenesis, as
being buffered by lowering oxygen tensions. In addition, other mitochondrial pathways are also high scoring, including the pyruvate dehydrogenase complex (PDH) and
the pyruvate transporter (MPC), type II fatty
acid synthase (FASII), among others. Our
screen is consistent with our previous
work in which we showed that a mouse
model of complex I deficiency could be alleviated by breathing of low inspired oxygen
(Jain et al., 2016), and frataxin deficiency can be rescued in
low oxygen in yeast, human cells, and worms (Ast et al., 2019).
An important question is why KOs of certain mitochondrial pathways, most notably complex I, but not complexes II-V, are buffered by low oxygen in our screen. We previously showed that
complex I-V deficiencies all result in an ATP crisis in low glucose
conditions in a classic ‘‘glucose/galactose’’ screen (Arroyo et al.,
2016), consistent with a key role of all of these genes in ATP production via OXPHOS in aerobic conditions. The difference between these results suggests that the ability of hypoxia to rescue
complex I deficiency is unlikely to be simply related to its contribution to ATP production by OXPHOS. Our recent in vivo work on
hypoxia in the mouse model of Ndufs4 deficiency suggests a key
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role for high unused oxygen itself as a potential culprit (Jain et al.,
2019). Future work is required to determine the detailed mechanism by which hypoxia alleviates complex I deficiency.
On the opposite end of the spectrum, we find that many pathways related to lipid metabolism and peroxisomal ether lipid
metabolism are selectively essential at lower oxygen tensions.
Among the most essential in 1% versus 21% oxygen are
AMFR, SREBF1, ACSL4, and ADIPOR2, while on the reverse
side we observe ACSL3, CHP1, and AGPAT as high scoring.
Prior literature has identified these genes as important regulators
of membrane fluidity, and in fact, this pattern of hits is reminiscent of two recent genetic screens assaying saturated fatty
acid (palmitate) toxicity (Zhu et al., 2019; Piccolis et al., 2019).
Given the known effects of hypoxia in limiting fatty acid and lipid
desaturases, this leads us to speculate that peroxisomal metabolism may also contribute to the maintenance of membrane
fluidity. Supporting this, we find that across hundreds of cancer
cell lines, cells with high saturated lipids require certain peroxisome genes for growth. Interestingly, C. elegans worm mutants
deficient in peroxisomal ether lipid synthesis are extremely
sensitive to low temperatures, an environmental pressure that
decreases membrane fluidity (Los and Murata, 2004; Shi
et al., 2016).
Future work is required to follow-up on our screening hits to
dissect the exact fitness contributions of peroxisomes in hypoxia, but several possibilities exist. First, it is possible that peroxisome-derived ether lipids, notably plasmalogens, are themselves beneficial in hypoxia. Previous studies showed the
vinyl-ether linkage in plasmalogens can prevent propagation of
lipid peroxidation (Chen and Yu, 1994; Sindelar et al., 1999; Zoeller et al., 1999, 2002). A second possibility is that the production of peroxisomal lipids is beneficial by sequestering saturated
fatty acids that would otherwise be incorporated into di-saturated glycerolipids that are believed to be toxic (Piccolis et al.,
2019). A third possibility is that peroxisomal derived lipids are
sensed and monitored as a part of a homeostatic loop, and the
loss of this regulation becomes detrimental in low oxygen (Honsho et al., 2015; Garcia-Bermudez et al., 2019). Future work is
needed to determine to what extent these or other mechanisms
are at play.
The growth deficits of peroxisome gene KOs in hypoxia is
extremely cell-type-specific and media-dependent. This was
a robust finding in the context of the pooled screen, but
follow-up studies showed this result to be limited to 293T cells
and also dependent on media lipid content and cell seeding
conditions. These features are reminiscent of studies of saturated fatty acid toxicity—that also tend to be very cell-typespecific and also sensitive to the media conditions. A better understanding of the molecular mechanisms linking peroxisomes
to low oxygen is required to explain the source of this variability
and also predict which cell types will exhibit this sensitivity in
hypoxia.
Finally, we anticipate that the resource of genes we have identified may be useful in understanding the evolution of aerobic
metabolism. Life on our planet began under anaerobic conditions and, with the rise in atmospheric oxygen, hundreds of
genetic pathways co-evolved. Oxygen metabolism has been
proposed to be a key driver in metazooan evolution (Nursall,
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1959; Thannickal, 2009) The pathways revealed by our screen
may provide hypotheses into the underlying mechanisms of evolution. For example, it is known that Fe-S clusters can form spontaneously under anaerobic conditions, but in the presence of oxygen, require enzymatic synthesis (Imlay, 2006; Johnson et al.,
2005). These pathways were high scoring on the high oxygen
side of our screen. It is notable that plasmalogen synthesis is reported to have appeared and disappeared in bacterial evolution,
in a way that may be related to oxygen (Goldfine, 2010). The hundreds of other genes identified in our resource may similarly provide additional clues about the adaptations required to cope with
rising oxygen on our planet.
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EXPERIMENTAL MODEL AND SUBJECT DETAILS
Cell lines
K562 (ATCC CCL-243) and 293T (ATCC CRL-3216) cells were obtained from ATCC. All experiments with wild-type cells or CRISPRCas9 mediated knockouts were performed within 30 passages upon receipt from ATCC. Cells were always maintained in 37C
incubators.
METHOD DETAILS
Genome-wide CRISPR screen
The genome-wide CRISPR screen was performed in the leukemic cell line, K562 (ATCC CCL-243). Cells were maintained in culture in
magnetic spinner flasks (Corning) throughout the duration of the screen. 1.5e8 cells were infected with the Brunello library virus
(Doench, 2016) at a target MOI of 0.3, allowing for a representation of 500 cells infected with a given sgRNA. Briefly, 1.5e8 cells
were pelleted and resuspended in DMEM Media (GIBCO/Life Technologies, Ref. #11995-065) with 10% FBS (Sigma Aldrich, Catalog
#F6178). Cells were diluted to a concentration of 1.5e6/ml and 4ug/ml polybrene. The cell suspension was then placed in 24-well
plates with 2ml of cells per well. 300ul of virus was added to each well. Cells were spinfected at 1000 g for 2h. 24h after spinfection,
cells were resuspended in DMEM media containing puromycin (2ug/ml), placed in magnetic spinner flasks and incubated in tissue
culture incubators set to 21% O2. Puromycin selection continued for 3d (cells were passaged as needed when nearing confluency:
1e6/ml). On day 5 post-infection, infected cells were split into three new flasks at 5e4/ml and placed at three different oxygen tensions – 21%, 5% and 1% O2. Tissue culture incubators were adapted to maintain different oxygen tensions. A liquid nitrogen tank
was used to pulse N2 into incubators with a feedback loop to maintain the specified oxygen tension. Cell suspensions were passaged
every 3d with a seeding density of 0.7-1e5/ml at the beginning of each passage. All tissue culture handling was done outside of hypoxia incubators (at environmental oxygen tensions of 21% O2). The screen was performed in triplicate independent experimental
set-ups.
Cells were pelleted and stored at each passage. Day 0, Day 9 and Day 15 samples were used for sequencing. Genomic DNA was
extracted using the QIAGEN Blood and Cell Culture DNA Maxi Kit. One set of replicates from the Day 9 samples was lost due to technical error at this stage. Library prep and sequencing was performed as previously described (Arroyo et al., 2016; Doench, 2016).
RNA-Seq
K562 cells were seeded at a density of 1e5/ml in 3ml of DMEM media (same conditions as screen) per well of 6-well plate. Plates were
maintained in 1%, 5% or 21% O2 incubators and passaged at 3d of growth. All experiments were performed in triplicate for each
oxygen tension. Samples were collected separately for the following time points after seeding: 0h, 6h, 24h, 3d and 6d (after an intermediate passage at 3d). At each time point, cells were pelleted, rinsed with PBS and then stored at 80C. RNA extraction was
performed using the QIAGEN RNAeasy kit. NOTE: Unlike the screen, which was performed in spinner flasks, samples used for
RNA-Seq were maintained in 6-well plates. Therefore, oxygen diffusion was more limited and may have been affected by parameters
such as cell density and media levels over time.
RNA-Seq libraries were generated at the Broad Institute Technology Labs using the Smart-seq2 protocol which includes polyA
selection, as described (Picelli et al., 2014; Trapnell et al., 2012). RNA was isolated using RNASPRI beads. Following reverse transcription, cDNA was fragmented and barcoded. Samples were subjected to paired-end sequencing of 2x25bp on an Illumina NextSeq500 instrument.
Mitochondrial KO experimental follow-up
Knockouts were made from HEK293T cells (ATCC CRL-3216) using media conditions analogous to the CRISPR screen conditions:
DMEM, 10% FBS, Pen/Strep, Glutamax. As hypoxic cells rely on anaerobic glycolysis, all experiments were performed in starting
conditions of 25mM glucose. Spinfections for lenti-Cas9 follow-up experiments were performed as described in Jain et al. (2016).
Infected 293T cells were seeded at 0.5e5/ml in 1ml of media (in wells of 24-well plates). Counts were performed 72h after initial
seeding at different oxygen tensions. Cells were manually counted using a Beckman coulter counter. Noncoding guide RNAs (Table
S5) or GFP-targeting guide RNA constricts were used as controls.
Timing of lentivirus infections
Lentivirus pools of knockout cells are mixed populations of cells with different genomic edits in the region-of-interest. Thus, it is likely
that a combination of in-frame and out-of-frame edits are generated after infection, leading different types of mutations: hypomorph,
loss-of-function, etc. Therefore, all growth curves are performed within three weeks of spinfection. With longer time points, it is
possible that hypomorph or unedited cells will out-compete loss-of-function mutations. Thus, the exact growth defect of OXPHOS
mutants may vary based on the time after spinfection/selection. However, the overall effect of C1 rescue should be maintained if
these technical considerations are kept in mind.
Oxygen diffusion considerations
Various aspects of experimental design can affect local oxygen tensions that cells are experiencing. The ‘‘environmental oxygen
tension’’ present in hypoxia chambers may be different from the local oxygen tension that cells are experiencing. The following
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parameters were considered in experimental design: cell density, oxygen consumption of given cell line, media levels, glucose
concentrations.
Interpreting relative versus absolute growth rescues:
Severe hypoxia slows growth in proliferating cells. OXPHOS mutants likely have impaired oxygen consumption. Therefore, local
oxygen tensions in OXPHOS mutants may be higher than in WT controls. This should be kept in mind when interpreting the ‘‘relative
rescue’’ of KO cells compared to WT cells in a given oxygen tension.
Peroxisomal KO experimental follow-up
Knockouts for peroxisome genes were performed in HEK293T cells. Cells were seeded at 1e5/ml in a 1ml of media in 24-well plates.
Counts were performed 2d after plating into different oxygen tensions. Peroxisome-related follow-up experiments were performed in
the following media: 25mM glucose DMEM, 3% FBS. Cells were incubated for 2 days with 10mM oleic or 10mM palmitic acid (Cayman
Chemicals).
Since hypoxic cells can scavenge lipids from media, low-serum conditions must be used to see peroxisome KO growth defects.
The exact FBS concentration and lipid composition may affect the extent of growth defect in hypoxia.
Lipid droplets
For Figure S2, K562 or 293T cells expressing Cas9 and sgRNA guides to FAR1 or noncutting control (sgDummy) were incubated in
21% or 5% or 1% O2 (2-3 days) in delipidated media and then treated for 24h with 0.04 mM BSA, 0.25 mM palmitate, or 0.25mM
palmitate plus 0.25 mM oleate. Cells were fixed with 10% formalin and stained with 0.5 mM BODIPY 493/503 (Invitrogen) as described
in Piccolis et al. (2019) and co-stained with Hoechst 33342 (Invitrogen) at a concentration of 0.5 mg/mL, and analyzed by confocal
microscopy on a spinning disk confocal system (Yokogawa CSU-22 spinning disk confocal scan head with Andor Borealis modification) using a 63X objective (1.4 N.A.). Image analysis was performed with ImageJ (NIH).
Peroxisome number
For Figure S3, HEK293T cells were lentivirally infected with a GFP-PTS1 expressing vector and grown for 5 days in 21% O2 or 1% O2.
A day prior to imaging, 1x106 cells were plated on 35mm poly-D-lysine coated glassbottom dishes (MatTek Corporation). Immediately prior to imaging, cells were co-stained with Hoechst 33342 (Invitrogen) at a concentration of 0.1ug/ml. Imaging was conducted
on a spinning disk confocal system (Yokogawa CSU-22 spinning disk confocal scan head with Andor Borealis modification) using a
63X objective (1.4 N.A.), with MetaMorph acquisition software and a Hamamatsu Orca-ER cooled CCD camera. Images were
analyzed using the CellProfiler software 3.1.8. At least 130 cells were analyzed per condition.
Lipidomics in K562 cells (Figures 5A–5E)
K562 KO cells lines were generated for non-coding guideRNAs or peroxisome KO cell lines using guides listed in Table S5. Cells were
plated in 6-well plates at a seeding density of 0.4e6/ml (3ml per well) in media containing 3% FBS. Plates were then incubated at 21%,
5% or 1% O2 for 24h. Cells were collected, pelleted, rinsed with PBS and then used for lipidomics analyses. Lipids were extracted
using 225mL MeOH mixed with an internal standard (Avanti SPLASH Lipidomix) and 750 mL MTBE (methyl tert-butyl ether). Samples
were sonicated for 1min, placed on ice for 15 min, and then added to 300ul ddH2O. Samples were then centrifuged at 14,000 g for
10 min. The organic phase was vacuum-dried. Samples were then reconstituted in 100 mL ACN:H2O:IPA (1:1:2) + 0.1% formic acid
(Fisher Scientific) and used for LC-MS. LC-MS was performed as described in Simcox et al. (2017). We note that the addition of formic
acid may break down vinyl ether lipids present in our samples.
Lipidomics in HEK293T Cells (Figures 5F–5H)
HEK293T cells were plated in 6-well plates at a seeding density of 0.4e6/ml (3ml per well) in media containing 3% FBS. Plates were
then incubated at 21% or 5% O2 for 24h. Cells were collected, pelleted, rinsed with PBS and then used for lipidomic analyses. Cell
extracts were prepared using 300 ml of Buffer B (100% methanol with 0.15% formic acid, Fisher Scientific). Samples were mixed by
pipetting, vortexed, and centrifuged for 5 min @ 21,000 g. For LC/MS experiments, 20 mL of cell extract was injected on to a 30 mm x
2 mm Phenomenex Luna 3 mM C8(2) 100Å column. Buffer A was 97% water, 3% methanol with 0.15% formic acid, and Buffer B was
100% methanol with 0.15% formic acid. The LC flowrate was 0.2 mL/min and initially set to 85% B for sample injection and a 1.5 min
wash. The solvent was linearly increased to 99% B from 1.5-12 mins, held at 99% B from 12-17 mins, decreased to 85% B from
17-18 mins, and held at 85% for 18-29 mins to re-equilibrate. A Thermo QExactive Plus instrument equipped with an Ion Max heated
electrospray ionization source was used to monitor the eluent. Samples were run with a sheath gas flow of 30, auxiliary gas flow of 7,
and sweep gas flow of 2, and at 2.8 kV spray voltage. Most experiments were run in polarity switching mode at resolving power
70,000 (at m/z 200), with a scan range of 70 – 1000 m/z. Again, we note that the addition of formic acid may break down vinyl ether
lipids present in our samples
MS data analysis was performed using the Xcalibur QuanBrowser software (Thermo Scientific). Peak areas were quantified ±
10ppm, and normalized by dividing by the total area of the positive-ion TIC for each run. To confirm peak identity, standards
were purchased (Avanti Polar Lipids) for LPC-P-18:0, LPC-P-16:0, LPC-O-18:0, LPC-O-18:1, and LPC-O-16:0. Of the samples
for which no standards were available, LPC-P-18:1, LPE-P-18:1, LPE-P-16:0, LPE-O-18:0, LPE-O-16:0 eluted in one peak and
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have unambiguous masses, so their identification was made by mass alone. LPE-P-18:0 and LPE-O-18:1 are isomeric and are the
same mass, however, the order of their peak elution was used to identify them. In that case as well, LPE-O-18:1 was a very low-abundance species and was not regularly detected.
For SCD inhibitor treatment (Figure 5G), cells were grown overnight in 6-well plates, and seeded at 3 mL per well, 0.4e6 cells/ml in
3% FBS growth media. Samples were treated ± 20nM SCD inhibitor (ApexBio A939572).
QUANTIFICATION AND STATISTICAL ANALYSIS
Genome-wide CRISPR screen
MAGeCK software version 0.5.4 (Li et al., 2014) was used to collapse guide RNA data to gene-level data (parameters: gene-test-fdrthreshold 0.1; sort-criteria pos) (Table S1).
Genes were ranked for GSEA analysis (Figures 1D and 1E). Genes essential in 21% versus 1% oxygen were determined based on
MAGeCK comparing the 3 replicates in 21% O2 (day 15) to the 3 replicates in 1% O2 (day 15). All 20112 genes were ranked (Figure 1D)
by first categorizing genes as either ‘‘Depleted in 21% vs. 1% O2’’ (MAGeCK pval.pos < pval.neg) or ‘‘Depleted in 1% vs. 21% O2’’
(otherwise), and then each category was ranked based on –log10(pval) from MAGeCK. Using this ranking, GSEA (Subramanian et al.,
2005) was performed with default parameters using a customized geneset database containing all KEGG Metabolism or Cellular Process pathways with 15-500 genes (data downloaded 5/30/2017), yielding a total of 92 pathways. The KEGG Oxidative Phosphorylation pathway was manually reviewed to remove the lysosomal ATPase complex (ATP6*) and the Peroxisome pathway was reviewed
to remove mitochondrial contaminant MPV17. All pathways with GSEA FDR qval < 0.05 were considered significant. For GO enrichment analysis (Table S2), genes selectively essential in 21% versus 1% oxygen (FDR % 0.1) were searched for enriched Gene
Ontology biological processes using PANTHER Overrepresentation Test (Release 20190711) (Mi et al., 2013) using Fisher’s Exact
Test with FDR correction.
Disease genes and comparison to Glu-Gal screen
The list of primary and secondary mitochondrial disease genes was obtained from Frazier et al. (2019) and the OMIM database was
used to identify genes underlying additional non-mitochondrial disorders. The glu-gal analysis was taken from Arroyo et al. (2016)
using a FDR of 0.3.
Comparison to High Altitude SNPs and HIF targets
HIF targets were obtained from Benita et al. (2009) and the list of high altitude SNPs was generated using genome-wide significant
hits and previous study hits that replicated across datasets (Yang et al., 2017).
RNA-Seq analysis
RNA-Seq data was processed using the Cufflinks suite (tophat, cuffquant, cuffnorm) as previously described (Trapnell et al., 2012)
and deposited to GEO (accession GEO:GSE144527). We excluded poorly expressed genes (maximum FPKM < 1), transcripts not
coding for proteins, and one replicate that failed quality control metrics. The remaining 12163 transcripts were normalized across
samples (Z-score) and sorted by mean expression on day 3 in 1% oxygen (Figure 2C).
Lipidomics in K562 cells
Lipid data from K562 cells were filtered to remove unidentified metabolites (n = 176), internal standards (n = 16), and duplicate measurements (n = 15) yielding 642 metabolites annotated into 21 lipid classes. All adducts corresponding to the same lipid species
(same class, number carbons, number double bonds) were summed, yielding 454 unique lipids. Each of 21 lipid classes were assessed for enrichment within the 86 hypoxia-increased lipids via Fisher’s Exact test. Lipids increased during hypoxia were defined
using a t test, comparing 6 measurements in 21% oxygen (two different non-coding controls, each with three technical replicates)
versus 6 measurements in 5% oxygen. Annotated peroxisome-derived lipids were considered (O- or P- linkages, n = 63). In order
to exclude any potential misannotations, a subset of 44 confirmed peroxisome-derived lipids was defined as those also showing significant decrease in any of the peroxisome derived knockout cell lines (PEX5, PEX10, AGPS, FAR1) versus non-coding controls in
21% oxygen. Some peroxisome-derived lipids were ambiguous as to presence of an ether or vinyl-ether bond, and for display purposes in Figure 6C and 8 ambiguous lipids were considered vinyl-ether linkages (none of these was increased in hypoxia).
Lipid desaturation within Cancer Dependency Map (Figure 6)
447 cancer cell lines with CERES dependency scores (DepMap version 19Q2) (Meyers et al., 2017) that also had metabolomics
profiling (Li et al., 2019) were analyzed. Lower CERES scores indicate lower cell growth, or greater gene dependence. For each
cell line, a lipid desaturation metric was computed as follows: DesaturationC = Si V C (Di * Ai) / S i V C (Ai) where C indicates lipid class
{ LPE, TAG, PC, LPC, CE, SM, DAG}, i indicates the specific lipid within the class, Di indicates the number of double bonds, and Ai
indicates the observed abundance. While it can be problematic to compare MS/MS abundances across different metabolite species,
since the different species in the same lipid class have such similar chemical properties we believed it appropriate to average abundances within the same class. However for robustness, we ensured that our lipid desaturation metric correlated strongly with other
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measures of lipid class desaturation such as percent_unsaturated (sum of unsaturated species / sum of all species) and also with
metrics that relied only on relative abundance for each lipid class (e.g., first compute Z-score for each lipid across 447 cell lines,
then measure mean(Z-score for lipids with R 4 double bonds)- mean(Z-scores for lipids with < 4 double bonds). The results for
SCD, PEX2, and PEX6 were detected using these three different metrics of lipid desaturation. We note that the 89 lipids measured
were not comprehensive, and some lipid classes were uninformative. For example, no saturated DAG species were reported, likely
explaining the lower correlation of desaturation metrics between DAGs and other lipid classes.
For each of seven lipid classes, Spearman correlations were performed for all 17635 genes: comparing gene CERES score (lower
score indicates lower growth or greater dependency) versus lipid desaturation metric across 447 cell lines. For two genes (PEX2 and
SCD), Spearman correlations were performed for each of 225 metabolites: comparing CERES score versus metabolite abundance
across 447 cell lines.
DATA AND CODE AVAILABILITY
RNA-seq data (Figure 2) is available from the NCBI Gene Expression Omnibus (GEO:GSE144527). This study did not generate new
unique reagents.
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Supplemental Figures

Figure S1. Gene Ontology Biological Processes Selectively Essential at 21% versus 1% Oxygen, Related to Figure 3
All genes within Gene Ontology biological process categories that were enriched in the 213 genes selectively essential at 21% versus 1% oxygen, based on
PANTHER analysis. See also Table S2.

Figure S2. K562 and HEK293T Cells Are Capable of Forming Lipid Droplets, Related to Figure 4
(A) K562 cells expressing Cas9 and sgRNA guides to FAR1 or noncutting control (sgDummy) were incubated in 21% or 1% O2 (2 days) in delipidated media
(supplemented with 0.5% fatty acid free BSA) and then treated for 24h with 0.04 mM BSA, 0.25 mM palmitate, or 0.25mM palmitate plus 0.25 mM oleate. Cells
were fixed and stained with 0.5 mM BODIPY 493/503 (Piccolis et al., 2019), and analyzed by confocal microscopy. Blue scale bar = 5 mm. (B) HEK293T cells
expressing Cas9 and sgRNA guides to FAR1 or noncutting control (sgDummy) or FAR1 were incubated in 21% or 5% O2 (3 days) in delipidated media (supplemented with 10% charcoal stripped FBS) and then treated for 24h with 0.04 mM BSA, 0.25 mM palmitate, or 0.25mM palmitate plus 0.25 mM oleate. Cells
were fixed and stained with 0.5 mM BODIPY 493/503 (Piccolis et al., 2019), and analyzed by confocal microscopy. Blue scale bar = 5 mm. (C) Abundance of TAG
species in K562 cells in cells transiently transfected with sgRNA guides to a non-coding region (sgDummy) or peroxisomal genes (PEX5, PEX10, AGPS, FAR1) in
21% or 1% O2 shows similar abundance levels across most species and conditions, with C50.0.TAG showing nearly twofold elevation in hypoxia (regardless of
peroxisome knockout).

Figure S3. Peroxisome Number in 21% and 1% Oxygen, Related to Figure 4
GFP-PTS1 labeled peroxisomes were imaged (left) and quantified (right) in HEK293T cells cultured for 5 days under 21% O2 or 1% O2. Cells were co-stained with
the nuclear dye Hoechst. Peroxisomes were quantified via CellProfiler version 3.1.8 using minimum 130 cells per condition. No differences were observed in
peroxisome abundance or gross appearance between the two conditions. Scale bar- 5mm.

Figure S4. Hypoxia-Induced Lyso-Phospholipid Changes in Cells Lacking Ether Lipid Biosynthesis, Related to Figure 5
The fold change in peak area of lyso-phospholipids with hypoxia and FAR1 KO versus control cells (sgDummy non-coding control cells grown at 21% oxygen).
Bars indicate mean (+/ SD) across triplicate measurements, Red line indicates fold change 1.

A

Figure S5. Metrics of Lipid Desaturation across Seven Lipid Classes, Related to Figure 6
(A) Density plot shows distribution of lipid desaturation metric across 447 cancer cell lines, for all seven lipid classes (LPE: lyso-phosphatidylethanolamine; TAG:
triacylglycerol; PC: phosphatidylcholine; LPC: lyso-phosphatidylcholine; CE: cholesteryl ester; SM: sphingomyelin; DAG: diacylglycerol). (B) Pearson correlation
between desaturation metrics for seven lipid classes, across the same 447 cancer cell lines. (C) For each of 17635 genes, Spearman correlation is calculated for

(legend continued on next page)

growth of CRISPR knockout (CERES score, negative indicates lower growth, i.e., greater essentiality) and lipid desaturation metric across 447 cell lines. Significant hits shown in red (Bonferroni corrected p value < 0.05). (D) For two top-scoring genes (PEX2 and SCD) and all 89 measured lipids, Spearman correlations
between CERES score and lipid abundance are shown. Lipids are grouped by the number of double bonds (e.g., C16.0.LPE and C18.0.LPE grouped under
LPE.0), and individual lipids are colored by significance of correlation. Lipid data derived from Li et al. (2019) and CRISPR dependency data derived from DepMap
version 19Q2 (Meyers et al., 2017; Tsherniak et al., 2017).

