bioRxiv preprint doi: https://doi.org/10.1101/2020.08.03.234468; this version posted September 2, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Divergent use of metabolic fluxesin breast cancer metastasis

Deepti M athur®, Chen Liao®, Alessandro La Ferlita?, Salvatore Alaimo®, Alfredo Ferro?, Joao B.
Xavier”

Program for Computational and Systems Biology, Memorial Sloan-Kettering Cancer Center,
New York, NY, United States of America.

“Department of Clinical and Experimental Medicine, Bioinformatics Unit, University of Catania,

Catania, Italy.

*Co-corresponding author and lead contact: mathurd@mskcc.org
* Co-corresponding author

Summary

Breast cancers can metastasize to many organs. But how do disseminated cells from a primary
tumor adapt to distal tissues? Here we combined metabolomics, flux measurements, and
mathematical modeling to study metabolic fluxesin breast cancer cells adapted to home to
different organs. We found that lung-homing cells maintain high glycolytic flux despite low
levels of glycolytic intermediates, by constitutively activating a pathway sink into lactate. Their
distinct behavior—a strong Warburg effect—has a gene expression signature: a high ratio of
lactate dehydrogenase to pyruvate dehydrogenase gene expression, which also correlates with
lung metastases in patients with breast cancer. Surprisingly, this strong Warburg effect does not
necessarily increase cellular growth rate, suggesting that lactate secretion may be atrait under
selection in lung metastasis. Our results stress that metabolic fluxes may not correlate with
metabolic intermediates, a finding relevant for metastatic tropism.
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Introduction

Breast cancer is adisease marked by cdlular diversity. Cancer cells differ at their
phenotypic, genetic and proteomic levels both between and within patients (Turashvili and Brogi
2017). Cellsin metastases can differ from cellsin the primary tumor and even from those in
metastases found in different organs (Turashvili and Brogi 2017; Minn, Kang, et al. 2005).
Understanding the molecular mechanisms underlying such cellular diversity is vital for the future
of targeted therapy.

Metastasis is arare and stochastic process. For a breast cancer cell to form ametastasisit
must invade the tissue that surrounds the primary tumor, intravasate into blood vessels, survive
bloodstream circulation, extravasate from blood vessels at a distant site, and finally transition
from amicro- to amacro-metastasis at the distant site, often after a period of dormancy that can
last years. Each of these steps is inefficient and stochastic, and because of that it becomes very
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difficult to predict when, where and whether a patient diagnosed with breast cancer will develop
metastases and which organs will be affected (Quail and Joyce 2013).

When a cancer cell disseminates from a breast tumor it may already have a propensity to
metastasi ze to a specific organ (Minn, Gupta, et al. 2005; Nguyen et al. 2009; Minn, Kang, et al.
2005). The possihility that the distal tissue selects for specific features of cancer cells was first
raised by Paget and is called the "seed-and-soil hypothesis' (Paget 1889). However, the cell
phenotypes under selection in each organ remain unclear. Breast cancers are often categorized by
molecular subtype for clinical purposes, defined by the presence of hormone receptors; these
subtypes correlate modestly with preferential relapse sites, but still allow the possibility to
metastasize to multiple sites (Soni et al. 2015; Kennecke et al. 2010; Smid et al. 2008;
Cummings et al. 2014). Histological grade, defined by cell morphology, mitosis, and cellular
differentiation state, also does not correlate well with tissue tropism (Cummings et a. 2014). The
oncogenic mutations found in driver genes are also used to type breast cancers, but these
mutations remain fairly consistent between primary tumors and untreated metastases (Reiter et
al. 2018). It istherefore likely that metastasi s tropism is determined by factors other than those
used to type breast cancers at the clinical level.

Pre-clinical work has shown some of the other factors that command tropism, including
cytokines and proteins secreted from tissues and tumor cells, the compositions of the immune
microenvironment and oncogenic miRNAs (Obenauf and Massagué 2015). The metabolic
preferences of cancer cells may also play arole in metastasis tropism (Dupuy et al. 2015). Tumor
cells are long known to exhibit metabolic alterations (Warburg et al. 1927), and reprogrammed
metabolism is even considered a* hallmark of cancer” (Hanahan and Weinberg 2011).
Nevertheless, the role of metabolic alterations in metastasi s tropism has arguably received less
attention.

The MDA-MB 231 céll line was derived from a breast cancer patient and forms
metastases in multiple organs in mice (Cailleau et al. 1974; Puchalapalli et al. 2016; ElI-Mabhouh
et al. 2008). The mouse model was used to select in vivo for lineages that preferentially home to
the bone, brain or lung (Bos et al. 2009; Minn, Gupta, et al. 2005; Kang et a. 2003). The result
was a set of parental MDA-MB 231 cells and their matched derivatives which home to specific
organs. A recent study used these cells to study transcriptomic alterations in micro-metastasis
formed in the lung compared to the parental and brain-colonizing cells (Basnet et a. 2019). They
found that mitochondrial electron transport Complex I, oxidative stress, and counteracting
antioxidant programs were induced in pulmonary micrometastases, again suggesting akey role
for metabolism in the adaptation of cancer cells when colonizing a distant organ. Another study
compared the metabolomic profiles of brain- and bone-homing lineages with parental cells (Li et
al. 2020). The lineages were all cultured in the samein vitro conditions, and the comparison
revealed differencesin intracellular metabolite levels, particularly in purine nuclectides. This
study also found increased serine metabolism in all three metastatic lineages (brain, bone, and
lung) compared to parental cells, and concluded that these pathways were necessary for
metastatic cell growth.

Here, we used the MDA-MB 231 model to study metabolic fluxesin breast cancer cells
with different tropism. Our analysis shows that understanding how different cell lineages utilize
metabolic pathways differently may require more than transcriptomic and metabolomic profiling.
We combined metabolomics with direct measurements of fluxes and used mathematical models
constrained by the data to study the cells' metabolic fluxes. We focused on the brain- (BrM2)
and lung-homing lineages of MDA-MB 231, the lung and brain have distinct metabolic
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microenvironments that may contribute to metastatic selection (Zhang and Liu 2015; Parpura et
al. 2014; McKeown 2014; Datta et al. 1980; Lottes et a. 2015). Our results show that the flux
through the glycolytic pathway is faster in brain-homing and especially in lung-homing lineages
compared to parental. Importantly, this occurs even though parental cells have higher
intracellular levels of glucose and other intermediaries of the glycolysis pathway. The
simulations carried out using our mathematical model show how cells can sustain a high
glycolytic flux even though they have lower levels of glycolysis pathway intermediates: lung-
homing cellsin particular prevent feedback inhibition by constitutively activating a pathway sink
into lactate, leading to elevated glycolysis activity. We confirmed this prediction by measuring
glycolytic enzymatic activities directly, and we propose that the ratio of expression of lactate
dehydrogenase genes to pyruvate dehydrogenase genes indicates a cell state of high glycolytic
flux. We conclude that thisratio is clinically relevant by showing that it correlates with lung
metastases in patient samples.

Results

M etabolomic and transcriptomic profiles show differencesin glycolytic pathway in
primary ver sus metastatic lineages.

We profiled the metabolomes of MBA-MB 231 cell line and two of its metastatic
derivatives, the brain-homing BrM2 lineage and the lung-homing lineage LM 2 lineage (Fig. 1A).
The profiles differed for each lineage, indicating that the lineages maintain heritable differences
in their utilization of metabolic pathways even when cells they are cultured ex vivo in the same
condition (Fig. 1B). Principal component analysis (PCA) of the metabolite levels shows that the
largest differences occur between the parental line and the derived lineages (Fig. 1C): all
replicates of the parental lineage scored high on PC1, which explained 84% of the variation. A
biplot analysis revealed that a single metabolite—glucose—explained alarge part of these
differences (Fig. 1C, shown in gray). In fact, the relative glucose levelsin parental cells were
>30x higher than in either BrM2 or LM2 (BrM2 p=0.0004, LM2 p=0.001) (Fig. 1C inset). Most
other intermediates of glycolysis were also significantly higher in the primary lineage, with the
exception of higher 2,3-BPG and pyruvate in BrM2 relative to parental, and higher lactate in
LM2 relative to parental (Fig. 1D and Supplementary Fig. 1A). The PCA also suggested that
the primary metabolic divergence occurred early in the metastatic process, with further
diversification in the lung and brain: PC2, which explained ~10% of the variation, distinguished
BrM2 from LM2. The differences between BrM2 and LM 2 occurred mostly in metabolites from
amino acid and fatty acid pathways (Supplementary Fig. 1B).

A closer ook at the RNA expression profiles already published (Minn, Gupta, et al.
2005; Bos et al. 2009) showed that the expression of glycolytic pathway genes was also
perturbed in the brain- and lung-homing lineages. Many of those genes were expressed at |ower
levelsin the metastatic cells compared to parental cells, confirmed by enrichment of this gene set
in parental cells using GSEA (Subramanian et al. 2005; Mootha et al. 2003) (Supplementary
Fig. 1C-D).

We sought to integrate the transcriptomic and metabolomic data and investigate the
pathways most affected throughout the entire metabolic network. For this we used MITHrIL
(Mirnaenrlched paTHway Impact analLysis) (Alaimo et al. 2017)(Alaimo et al. 2016)
(Supplementary Fig. 2A). MITHrIL confirmed that glycolysis was indeed among the most
significantly perturbed pathways in both metastatic lineages relative to parental cells (Fig. 1E-F
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and Supplementary Fig. 2B). Overall, these results indicated that the components of the
biochemical reactionsin glycolysis were perturbed in the brain- and lung-homing lineages, and
were largely lower than in parental cells. Of note, MITHrIL found that lactate metabolism was
higher in LM 2 but not BrM2 cells (Supplementary Fig. 2C). Further MITHril analysis
comparing BrM2 to LM 2 showed lower levels of brain-associated pathways in LM 2, including
synapse signaling, and higher oxidative phosphorylation and pyruvate metabolism compared to
BrM2 cells (Supplementary Fig. 2D).

Glycolysisflux and lactate secretion increased in metastatic lineages despite lower levels of
glycolysisinter mediates.

We measured the rate of glucose uptake by the cells in balanced growth usinga Y S|
analyzer. Interestingly, the glucose influx was not lower but marginally higher in the brain-
homing lineage (1.3-fold, p=0.03) and markedly higher in the lung-homing lineage (2.0-fold,
P=0.001) (Fig. 2A). Lactate secretion was approximately proportionally higher in those lineages:
1.1-fold in the brain-homing lineage (P=0.30) and 1.6-fold in the lung-homing lineage (P=0.002)
(Fig. 2A).

We then measured the rate of extracellular acidification using a Seahorse XF analyzer.
The LM2 cells showed the fastest rates of extracellular acidification (BrM2: 2.2-fold, p=2x10™;
LM2: 3.3-fold, p=4x10"") as well as acidification from non-mitochondrial sources (BrM2: 3.1-
fold, p=2x10%, LM2: 4.5-fold, P=9x10%) (Fig. 2B and C, left panels). Inhibition of the
electron trangport chain with rotenone and antimycin A further increased extracellular
acidification, with LM2 cells again releasing the highest levels of non-mitochondrial
acidification among the three lineages (BrM2: 1.8-fold, p=9x10®%; LM2: 2.7-fold, p=5x10") (Fig.
2B, right panel). After this mitochondrial inhibition, adding 2-deoxyglucose halted glycolysis
and led to aloss of extracellular acidification, indicating that the increase in acidification was
indeed due to compensatory glycolysis in the absence of mitochondrial function (BrM2: 2.6-fold,
p=4x10"°, LM2: 3.4-fold, P=1x10"") (Fig 2C, right pane). Furthermore, YS! revealed that
both derived lineages consumed slightly |ess glutamine than parental cells (BrM2: .8-fold,
p=0.11; LM2: .8-fold, p=0.03), while glutamate secretion remained unchanged (Fig. 2D). Itis
therefore unlikely that glutamine underlies the faster rate of lactate production.

Our observations suggest that derived lineages—especially the lung-homing lineage—
have an enhanced Warburg effect, the most prevalent purpose of which isthought to be for
increased anabolism (Hitosugi and Chen 2014). Despite these differences, all three lineages grew
at smilar rates (BrM2: 0.003-fold, p=0.93, LM2: -0.0003-fold, p=0.99), suggesting that the
metabolic adaptation we had observed served a different purpose than faster biomass production
(Fig. 2E). Interestingly, when we considered only cellsin the exponential phase of growth, and
we excluded the initial lag-phase, the brain- and lung-homing lineages appeared to grow slightly
faster than the parental lineage (BrM2: 1.05-fold, p=0.004, LM2: 1.03-fold, p=0.04). This
suggests that established metastatic tumors may mildly outpace primary tumor cellsin growth
rate. However, the marginal increase in exponential-phase growth rate was smaller than the
magnitude of metabolic changes observed above, giving more support to the notion that the
faster influx of glucose serves another function (Liberti and Locasale 2016). We also confirmed
that mitochondrial function was not impaired in the derived lineages. both lineages had higher
mitochondrial respiration rates (BrM2: 1.5-fold, p=0.001, LM2: 1.7-fold, P=0.00009) and ATP
production compared to parental, indicating that the glucose influx was also not required for
glycolysis-derived energy in these cells (Fig. 2F). Overall, the mitochondrial metabolism of
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LM2 differed the most from that of parental, with BrM2 showing an intermediate level
(Supplementary Fig. 3).

Mathematical model and experimental validation explain higher flux despite fewer
components.

The data presented so far stress an important point: the levels of the metabolic
intermediates of a pathway do not necessarily correlate with flux through that pathway. Brain-
and lung-homing lineages have higher glucose consumption and lactate production than parental
cells despite lower levels of the molecular components—intermediary metabolites and even the
MRNASs of pathway enzymes—of the glycolytic pathway. These differences were marginal in
brain-homing cells and robust in lung-homing cells. To understand how lung-homing cells may
have these higher fluxes despite lower abundances of glycolysis pathway components we turned
to asystems level analysis using mathematical modeling. We adapted a model of the flux ratesin
cancer cell metabolism (Balcarcel and Clark 2003): a 24-flux metabolic network model was
constrained by the fluxes measured by Y Sl or Seahorse XF, while unknown fluxes were
unconstrained. Given that the flux-balance solutions were not unique, we quantified the
uncertainty of unmeasured fluxes by sampling the constrained high-dimensional flux space. Flux
sampling allowed usto compute the most likely solution under the constraints given by data
(Fig. 3A-C and Supplementary Fig. 4A-C).

Interestingly, the model suggested that metastatic lineages can flexibly modulate how
nutrients are used for respiration/ATP production versus biomass. For example, flux from
pyruvate to lactate was calculated to be approximately equal in parental and BrM2 cells, despite
the higher glucose uptake in BrM2. BrM2 cells used the excess glucose-derived carbons for
biomass and the TCA cycle while lowering the use of glutamine for either purpose
(Supplementary Fig. 4A). Thiswould allow BrM2 cells to “catch up” to the level of ATP
production in LM2 cells despite lower glucose uptake than LM 2 cells, while still maintaining
similar rates of growth.

These model predictions were confirmed by additional Seahorse measurements. The
results showed that mitochondrial pyruvate utilization was higher in metastatic lineages
compared to parental cells and mitochondrial glutamate utilization was lower in metastatic
lineages compared to parental cells (Supplementary Fig. 4D-E).

Importantly, our model indicates that glycolytic flux should indeed be the highest in LM2
cells and lowest in parental cells (and that the high glucose uptake and lactate production in LM 2
cells are not uncoupled). To confirm that parental cells perform less glycolytic flux despite
higher metabolic intermediate levels, we directly tested the enzymatic activity of four key steps
in glycolysis. The LM2 cells had indeed the highest levels of activity while parental cells had the
lowest levels of activity (Fig. 3D-G), again confirming that the expression of glycolysis pathway
genes (the mRNA levels) do not necessarily correlate with flux through that pathway.

Elevated LDH and a high LDH/PDH ratio supports constitutive lactate efflux in lung
metastases.

Glycolysisisinhibited by its products (Berg et al. 2002). Therefore, in order to support a
high flux it is necessary to maintain low levels of metabolic intermediates and prevent feedback
inhibition. This can only be achieved by also sustaining flow into a“sink”: e.g. lactate efflux. In
LM2 cdllsthis correlated with an increased expression of the lactate dehydrogenase gene LDHB
(Fig. 4A-B). Therefore, athough counterintuitive, the lower levels of glycolytic intermediatesin
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LM2 cellsrelative to parental are not in conflict with higher flux, but may be required to
maintain high glycolysis flux in the absence of any other regulation. Pyruvate—the end product
of glycolysis—can be converted either to lactate or to acetyl-coA. However, increased flux into
acetyl-coA and subsequent mitochondrial activity increases ATP, and ahigh ATP/AMP ratio
also alosterically inhibits enzymesin glycolysis (Berg et al. 2002). Therefore, directing pyruvate
predominately to lactate rather than acetyl-coA could serve to maintain a high glycolytic flux. To
determine whether this was indeed the case in our cell lines, we calculated the ratio of gene
expression between lactate dehydrogenase and pyruvate dehydrogenase genes. Consistent with
our model, LM2 cells had a significantly higher ratio of LDH/PDH genes than both parental and
BrM2 lineages (Fig. 4C).

Clinical data show that L DH/PDH gene expression signatureishigher in breast cancers
that metastasize to the lung.

To test the clinical relevance of our findings, we asked whether the ratio of LDH/PDH
expression was higher in the tumors of patient that developed lung metastasis. We analyzed the
Metastatic Breast Cancer Project dataset (Wagle et al. 2016) which includes a diverse cohort of
>100 patients with metastases in multiple sites. The most common site is bone, followed by
liver, lymph node, lung, and brain/central nervous system (Supplementary Fig. 5A). In these
data, as expected, the oncogenic lesions do not determine metastasis; thisis clear in that the most
commonly mutated genes, PIK3CA and TP53, (Supplementary Fig. 5B) do not correlate with
metastatic site (Supplementary Fig. 5C). Also as expected, hormone receptor status does not
correlate with metastasis (Supplementary Fig. 5D). In order to determine whether metastatic
site correlated with transcriptomic state, we clustered the transcriptomes of all samplesinto six
archetypes (Supplementary Fig. 5E). The top metastatic sites span several archetypes,
indicating—al so as expected—that the general transcriptomic signatures do not determine
tropism (Supplementary Fig. 5F).

We then asked whether differencesin the LDH/PDH ratio could determine tropism. We
classified patients according to whether they had alung metastasis, brain metastasis, or any
metastasis other than to the lung or brain. Patients with lung metastases had a higher LDH/PDH
ratio than patients with other metastases, supporting our hypothesis that thisratio characterizes a
common adaptation in lung tropism (Fig. 4D). Patients with brain metastases did not have a
higher LDH/PDH ratio than those with other metastases. Interestingly, the magnitude of the
LDH/PDH ratio in patient samples did not cluster by archetypes identified by gene expression,
indicating that the LDH/PDH ratio isindependent of the magjor cell state in breast cancer
(Supplementary Fig. 5G).

Discussion

Our data, combining metabolomics, transcriptomic analyses, flux measurements,
mathematical modeling and validation experiments lead to the following five conclusions: first,
MRNA levels do not necessarily correlate with enzymatic activity; second, metabolic
intermediates may anticorrelate with flux; third, different lineages evolved from the same line
can have distinct heritable metabolic fluxes; fourth, metastatic lineages in our model display
higher glycolytic flux and bioenergetics than parental cells, with lung-homing cells exhibiting by
far the greatest glucose uptake and lactate production; fifth, a high LDH/PDH ratio maintains
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elevated glycolytic flux in lung-homing cells and in patients with lung metastases, which
suggests that it is important for lung tropism.

Our mathematical model of fluxes was key to make sense of the data. Biomass
production differed only dlightly between the three cell lineages, and the model helped us
understand how the derived lineages may increase or decrease uptake of nutrientsin order to
meet cellular demands. Taken together, our results suggest a demand-based model rather than a
supply-based one. Rather than taking up all available nutrients at high rates to increase growth
rate or energy output, cells may modulate uptake to meet specific needs: e.g. lactate production.

The metabolic alterations in brain-homing cells seemed modest compared to parental
cells, especially when contrasted with the strong alterations we saw in lung-homing cells. This
could indicate that the selection for metabolic adaptation was stronger in the lung. However, it
could also indicate that all metastatic cells originally carried the adaptations found in LM 2, but
that the BrM2 lineage, in the process of overcoming additional challenges like crossing the
blood-brain barrier, lost some of these metabolic alterations in favor of other, more necessary,
adaptations to the brain microenvironment.

M etabolizing glucose by glycolysis to produce pyruvate and secrete lactate is
energetically inefficient (Vander Heiden et al. 2009). Still, many cancer cells behave this way for
reasons that may provide selective advantages beyond increased growth rates (Liberti and
Locasale 2016). For example, lactate secreted can lower the pH of the microenvironment and
may trigger tissue-repair responses in stromal cells that help tumor development (Carmona-
Fontaine et al. 2017). Lactate has also been shown to increase migration and metastases by
degrading the extracellular matrix (Bonuccelli et al. 2010). LM 2 cells, and other breast cancer
metastases to the lung, may be selected in part for their ability to produce lactate and thus form
successful metastases in the lung. Interestingly, exogenous lactate decreases glucose utilization
in the lung (Fisher and Dodia 1984). It is possible that this leads to more glucose availability for
colonizing cells, leading to a feed-forward loop in lung metastases.

Gene signatures are typically sets of genes that are up- or down-regulated, with
expression changes that may be independent of each other. Our results argue in support of gene
signatures that are more complex (Itadani et al. 2008). When it comes to metabolism, a gene
signature that reflects balance may be more functionally relevant than a set of genes that change
concordantly. We found that the LDH/PDH expression ratio may be more important for the
maintenance of high glycolytic flux, rather than the individual expression of either or even both
genes. While there have been associations between LDH expression and the progression of
different cancers (Mishraand Banerjee 2019), it will be interesting to see future cancer
metabolism analyses incorporate the concept of metabolic balance and investigate metabolic
genes that are interdependent. Interestingly, a mouse model of breast cancer metastasis found
that metastatic cells can upregulate both glucose consumption/lactate production and oxidative
phosphorylation compared to parental cells, consistent with our results, but that liver metastases
regulate the balance between the two in a HIF-1a and hypoxia-dependent manner (Dupuy et al.
2015). This supports our idea that metabolic balance is more complex than the expression of
genes taken independently, and that expression in the context of other genes and environmental
cues isimportant.

The diverse metabolic changes we observed in the three lineages could be evidence that a
primary tumor induced by a set of driver genes can still have underlying diversity at the
metabolic level, driven by non-driver genetic differences. This would suggest that metabolic
rewiring in cancer cellsis more complex than single oncogenic changes (Levine and Puzio-Kuter
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2010). However, we cannot rule out the possibility that the cellsin the primary tumor that
ultimately produced BrM2 and LM 2 had mutations in driver genes that the rest of the primary
tumor did not share, and were undetected in the primary tumor due to low abundance. Another
possibility isthat alterationsin common driver genes occur at the transcript, rather than genomic
level, in metastatic lineages. A recent study in MDA-MB 231 cdll lines found overexpression of
c-myc in metastases, especially in the bone-homing lineage (Li et a. 2020). Disseminated cells
may also be metabolically plastic dueto reversible epigenetic states that can be reprogrammed
depending on the digtal tissue (McDonald et a. 2017).

Perhaps most importantly, our work warns that metabolomic profiling alone—or evenin
combination with transcriptomic profiling—may not suffice to show how cells use their
metabolic fluxes. The static pictures provided by metabolomics and transcriptomics may require
a combination of flux measurements and mathematical models to show how cells utilize their
metabolic fluxes. We focused on fluxes through central carbon metabolism, but we acknowledge
that the metastatic process, including organ-specific metastasis, likely involves many other
secreted and consumed metabolites, and we did not directly measure the flux for all relevant
compounds (Lu et al. 2010). We also do not yet know whether the metabolic changes we
identified were the cause of lung- or brain-specific metastasis or a byproduct of the selection at
the distal organ, a question we will explore in future studies.
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Figure Legends

Figure 1. Integrated metabolomics and transcriptomics show differencesin glycolysis
pathway in primary ver sus metastatic lineages. A) Diagram of the in vivo selection, which
started with the parental lineage MDA-MB 231 and made the brain-homing BrM2 and lung-
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homing LM2 derivatives. B) Heatmap of metabolite levels of parental and metastatic derivatives.
Each cdll line had 5 replicates which clustered together. C) PCA of parental, BrM2, and LM2
metabolite levels, overlaid with a biplot showing the correlations of individual metabolites. Inset:
bar plot of glucose levels: fold-change relative to parental: BrM2: 73-fold, p=0.0004, LM 2: 33-
fold, p=0.001. Fold change LM2/BrM2: 2-fold, p=0.000007. Data are represented as mean + SD.
D) Barplot of metabolite levels of the other componentsin glycolysis. * indicates p<.05. Data are
represented as mean + SD. E) Waterfall plot of MITHrIL output comparing BrM2 to parental
networks, highlighting the glycolysis/gluconeogenesis pathway. F) Waterfall plot of MITHrIL
output comparing LM 2 to parental networks, highlighting the glycolysis/gluconeogenesis
pathway. See also Figs S1 and S2.

Figure 2: Glycolysisflux and lactate secretion increased in metastatic lineages despite lower
levels of glycolysisinter mediates. A) Y Sl analysis of glucose uptake and lactate production.
Glucose fold-change relative to parental: BrM2: 1.3-fold, p=0.04, LM2: 2.0-fold, p=0.001. Fold
change LM2/BrM2: 1.5-fold, p=0.002. Lactate fold-change relative to parental: BrM2: 1.1-fold,
P=0.30, LM2: 1.6-fold, P=0.002. Fold change LM2/BrM2: 1.4-fold, p=0.001. B) Seahorse
analysis of basal ECAR as well as ECAR after mitochondrial inhibition by antimycin A and
rotenone. Basal ECAR fold-change relative to parental: BrM2: 2.2-fold, p=0.00002; LM 2: 3.3-
fold, p=0.0000004. Fold change LM 2/BrM2: 1.5-fold, p=0.0003. Mitochondrial-inhibited fold-
change relative to parental: BrM2: 1.8-fold, p=0.000009; LM2: 2.7-fold, p=0.0000005. Fold
change LM2/BrM2: 1.5-fold, p=0.0002. C) Seahorse analysis of non-mitochondrial ECAR and
compensatory glycolysis. Non-mitochondrial ECAR fold-change relative to parental: BrM2: 3.1-
fold, p=2x10%, LM2: 4.5-fold, P=9x10"*. Fold change LM2/BrM2: 1.4-fold, p=8x10"*,
Compensatory glycolysis fold-change relative to parental: BrM2: 2.6-fold, p=4x10"°, LM2; 3.4-
fold, P=1x10*. Fold change LM2/BrM2: 1.3-fold, p=1x10®. D) YSI analysis of glutamine
uptake and glutamate production. Glutamine fold-change relative to parental: BrM2: .8-fold,
p=0.11, LM2: .8-fold, P=0.04. Fold change LM 2/BrM2: .9-fold, p=0.3. Glutamate fold-change
relative to parental: BrM2: .9-fold, p=0.7, LM2: .9-fold, P=0.7. Fold change LM2/BrM2: 1-fold,
p=1. E) Representative experiment showing growth rates of the three cell lineages. Final growth
rates and fold changes were calculated using a generalized linear regression model on logged
datafrom 4 independent experiments. Logged parental growth rate: .24 cells/day. Fold-changes:
BrM2: .003-fold, p=0.93, LM2: -.0003-fold, p=0.99. When only the exponential phase of growth
was considered, excluding lag-phase, BrM2: 1.05-fold, p=0.004, LM2: 1.03-fold, p=0.04. F)
Seahorse analysis of basal respiration and ATP production. Respiration fold-change relative to
parental: BrM2: 1.5-fold, p=0.001, LM2: 1.7-fold, P=0.00009. Fold change LM2/BrM2: 1.2-
fold, p=0.06. ATP fold-change relative to parental: BrM2: 4.6-fold, p=0.002, LM 2: 3.0-fold,
P=0.1. Fold change LM2/BrM2: .6-fold, p=0.2. For all panels, data are represented as mean +
SD. Seealso Fig S3.

Figure 3: Mathematical model and experimental validation explain higher flux despite
fewer components. A-C) Mathematical modeling of fluxes of select metabolic pathways for
parental, BrM2, and LM 2 lineages, respectively. Data from Figure 3 were used to constrain the
model, and values for unknown fluxes were calculated. Fluxes are represented as most likely
values. D) Enzymatic activity of hexokinase. Fold change relative to parental: BrM2: 1.1-fold,
p=0.4, LM2: 7.4-fold, p=0.00007. Fold change LM2/BrM2: 7.0-fold, p=0.00006. E) Enzymatic
activity of phosphofructokinase. Fold change relative to parental: BrM2: 1.8-fold, p=0.003,
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LM2: 3.3-fold, p=0.003. Fold change LM2/BrM2: 1.7-fold, p=0.004. F) Enzymatic activity of
glyceraldehyde 3-phosphate dehydrogenase. Fold change relative to parenta: BrM2: 1.4-fold,
p=0.002, LM2: 2.3-fold, p=0.00001. Fold change LM2/BrM2: 1.6-fold, p=0.00003. G)
Enzymatic activity of pyruvate kinase. Fold change relative to parental: BrM2: .98-fold, p=0.08,
LM2: 1.2-fold, p=0.04. Fold change LM2/BrM2: 1.2-fold, p=0.03. For panels D-G, data are
represented as mean + SD. See also Fig $4.

Figure4: A high LDH/PDH ratio supports constitutive lactate efflux in lung metastasesin
both cell linesand clinical samples. A) RNA expression of LDHA and LDHB in BrM2 vs
parental cells. LDHA: 1.5-fold, p=0.3, LDHB: 1.1-fold, p=0.3. Data are represented as mean +
SD. B) RNA expression of LDHA and LDHB in LM2 vs parental cells. LDHA: .9-fold, p=0.7.
LDHB: 1.4-fold, p=0.02. Data are represented as mean £ SD. C) Boxplot of ratio of LDH genes
(sum of LDHA and LDHB) to PDH genes (sum of PDHA1 and PDHA?2) in cell lines. Fold
changerelative to parental: BrM2: 1.2-fold, p=0.2, LM2: 1.5-fold, p=0.007. Fold change
LM2/BrM2: 1.3-fold, p=0.03. D) Boxplot of ratio of LDH genesto PDH genes in patient tumors
from The Metastatic Breast Cancer Project. The“Lung” classification includes all tumors that
had lung metastases, “Brain” classification includes all tumors that had brain/CNS metastases,
and “Other” classification contains tumors that had metastases other than to the lung or
brain/CNS. Fold change lung/other: 1.6-fold, p=0.02. See also Fig Sb.

Supplementary Figure 1: A) Heatmap of the glycolysis pathway metabolites, showing BrM2 vs
parental and LM2 vs parental. B) (Top) Heatmap of the top 20% most different metabolites
between BrM2 and LM2 cells, labeled by pathway. (Bottom) Table of the top 5 metabolic
pathways different in BrM2 vs LM 2 cells. C) Heatmap of RNA expression of the genesin the
Hallmark Glycolysis gene set, showing BrM2 vs parental and LM 2 vs parental. D) Gene Set
Enrichment Analysis of the Hallmark Glycolysis gene set, plotting enrichment scores for

parental relative to LM2 (top) and parental relative to BrM2 (bottom).

Supplementary Figure 2: A) Diagram of MITHrIL algorithm. B) Heatmap of significantly
differently regulated pathways determined by MITHTrIL for BrM2/parental and LM 2/parental
cells. C) MITHTrIL output for the glycolysis/gluconeogenesis pathway, overlaid on Kegg diagram
of the pathway. Nodes (metabolites) and connections (genes) are colored according to strength of
MITHTrIL prediction. Top: BrM2/parental, bottom: LM 2/parental. D) Heatmap of significantly
differently regulated pathways determined by MITHrIL for LM2/BrM2 cdlls.

Supplementary Figure 3: PCA of the oxygen consumption rates of the three lineages under
various mitochondrial inhibitors.

Supplementary Figure 4: A) Redative fold change of each flux for BrM2/parental (left) and
LM2/parental (right). B) Distribution of fold flux frequency of BrM2/parental (left) and
LM2/parental (right). Bars of the histogram represent the frequency that a given flux value was
selected as fit to the model over many possible samplings; vertical lines indicate the most
frequent (and therefore most likely) flux ratio. C) Distribution of flux level versus frequency for
each flux in the model over many possible samplings. D) Seahorse analysis of pyruvate
utilization in mitochondria. Fold change relative to parental: BrM2: 1.4-fold, p=0.4, LM2: 3.6-
fold, p=0.02. Fold change LM2/BrM2: 2.6-fold, p=0.06. Data are represented as mean + SD. E)

10


https://doi.org/10.1101/2020.08.03.234468

bioRxiv preprint doi: https://doi.org/10.1101/2020.08.03.234468; this version posted September 2, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Seahorse analysis of glutamine utilization in mitochondria. Fold change relative to parental :
BrM2: .3-fold, p=0.02, LM2: .5-fold, p=0.3. Fold change LM2/BrM2: 1.9-fold, p=0.5. Data are
represented as mean + SD.

Supplementary Figure5: A) MBCP analysis of the most common metastatic sites found in
breast cancer patients. B) MBCP analysis of the most common mutations found in breast cancer
patients. C) Stacked barplot showing the distribution of the most common metastatic Sites
relative to mutation status in MBCP patients. D) Stacked barplot showing the distribution of the
most common metastatic sites relative to hormone receptor statusin MBCP patients. E) UMAP
(Mclnnes et al. 2018)of transcriptomics of MBCP patients (plus six dummy samples
corresponding to each archetype center), colored by which archetype they best fit. Samples
cluster by archetype but archetypes also overlap, indicating shared transcriptomics. “X”s mark
the archetype centers, representing the mock samples that would perfectly fit each archetype. F)
Stacked barplot showing the distribution of the most common metastatic sites relative to
transcriptomic archetype in MBCP patients. G) UMAP of transcriptomics of MBCP patients,
colored by LDH/PDH ratio. Patients with lung metastases are circled.

STAR Methods

All codesand raw data filesare available on github: https://github.com/dm2791/Divergent-
use-of-metabolic-fluxes-in-breast-cancer-metastasis

Cell culture: All cell lineswere grown in DMEM (Fisher 11965118) supplemented with 10%
FBS (made in the MSKCC media core facility) and 1% penn/strep (Fisher 15140122). Cells were
grown in a 37°C incubator with humidity and 5% CO,. Authenticated cell lines were obtained
from the Massague lab and generated as described previously (Minn, Gupta, et al. 2005; Bos et
al. 2009).

Cell growth assay: Cdll lines were infected with H2B-Y FP or H2B-mcherry lentivirus using
20 'g/mL polybrene. After afew days of passage, cells were sorted via Fluorescence-activated
cdll sorting. Cells were counted and plated in equal numbersin a 96-well plate, and fluorescent
images were taken periodically for several days on a Zeiss microscope. A 5x objective was used
in the instrument, and images were either collected once every 24h after which the plate was
returned to the incubator, or once every hour using the custom-made chamber surrounding the
microscope that maintained temperature, CO,, and humidity levels. Images were analyzed using
the Zeiss Zen blue software and our own custom-made MATLAB scripts. Datafrom several
independent biological replicates of the growth assay were pooled, and analyzed using a
generalized linear mixed-effects regression mode with alog function (sincethecellsarein
exponential growth) and random effects for which experiment and well in the plate the data came
from. Growth rates were analyzed both for the full data as well as excluding pre-exponential
phase growth.

M etabolomics: Cells were seeded in T75 flasks, in 5 replicates per cell line. 2 days after plating,
cells were trypsinized, counted, and spun down. Media was aspirated from cells, which were
then resuspended in PBS and re-spun. PBS was aspirated and the cell pellet was immediately
frozen in liquid nitrogen. Samples were shipped to Metabolon on dry ice, and metabolite
abundance data was normalized to total protein content per sample. Metabolomics analysis:
heatmaps, principal component analysis, statistical analysis of abundance fold changes (two-
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sample t-test), and partial least squares regression analysis were donein MATLAB using built-in
features and custom-made scripts.

RNA expression analysis: mRNA expression data that were previously published (Bos et al.
2009; Minn, Gupta, et a. 2005) were downloaded from Gene Expression Omnibus. The
Hallmark Glycolysis gene set was downloaded from the Gene Set Enrichment Analysis
Molecular Signatures Database. Expression fold change relative to parental for each metastatic
lineage was calculated for the genes in the Hallmark Glycolysis gene set, and a heatmap was
generated usng MATLAB. Theratio of (LDHA+LDHB)/(PDHA1+PDHA?2) for each lineage
and dtatistical differences (two-sample t-test) were calculated in MATLAB.

MITHrIL pathway analysis. The MITHrIL algorithm was used as described previously
(Alaimo et al. 2016). We used the combined Log2FC values of the differentially expressed genes
(DEGs) and altered metabolites identified from BrM2 and LM 2 samples. Specifically, the DEGs
for BrM2 and LM 2 samples were identified from the two public microarray projects used above
while the altered metabolites were identified from our metabolomics data. Microarray data were
first normalized and then the DEGs were identified by using the LIMMA package
(Bioconductor) (Ritchie et a. 2015). Only the genes with Log2FC > 0.6 or Log2FC < -0.6 with a
statistically significant adjusted p-value (with Benjamini-Hochberg correction) < 0.05 were
considered differentially expressed and selected for the MITHrIL pathway analysis. The
metabolomics data were analyzed using the M etaboDiff package (Bioconductor) (Mock et al.
2018) and only the metabolites with Log2FC > 0.6 or Log2FC < -0.6 and a statistically
significant adjusted p-value (Benjamini-Hochberg correction) < 0.05 were considered as altered
metabolites and included in the MITHrIL pathway analysis. All these analyses were performed
using the framework Rstudio (R 3.5.2). MITHTrIL output for the glycolysis/gluconeogenesis
pathway was overlaid on the KEGG pathway diagram. Total MITHrIL output was imported into
MATLAB to generate waterfall plots and clustergrams.

Y Sl: Cells were cultured in 6-well plates. 8 hours prior to sample collection, media was changed
to 2mL per well, and incubated as above. 1.2mL were collected from each sample, spun down to
remove cell debris, and then frozen until processing by the Cell Metabolism Core Facility.
Statistical analysis of data was donein MATLAB (two-sample t-test).

Seahor se: 20,000 cells/well were seeded in Seahorse XF plates. The following day, mediawas
changed to the Seahorse XF media with glucose, pyruvate, and glutamine, and standard Seahorse
XF protocols were followed. For assessing mitochondria activity, the Mito Stress Test kit was
used, with 1M oligomycin, 110M FCCP, and .500M rotenone+antimycin A. Basal respiration
rate corresponded to oxygen consumption excluding non-mitochondrial oxygen consumption
(OCR in the presence of rotenone + antimycin A). ATP production corresponded to the
difference in basal respiration rate and oxygen consumption in the presence of an ATP synthase
inhibitor (oligomycin). For assessing glycolysis, the Glycolytic Rate kit was used, with .57 1M
rotenonetantimycin A and 50mM 2-deoxyglucose. Non-CO, ECAR was calculated by
subtracting mitochondrial OCR*.6(standard scaling factor) from the total proton efflux rate.
Compensatory glycolysis corresponded to proton efflux rate in the presence of
rotenonet+antimycin A. For assessing mitochondrial fuel oxidation, the Mito Fuel Flex Test kit
was used with 6 |M BPTES and 41 1M UK5099. Mitochondrial glutamine utilization was
calculated by subtracting OCR in the presence of BPTES from total OCR. Mitochondrial
pyruvate utilization was calculated by subtracting OCR in the presence of UK5099 from total
OCR. All Seahorse data were normalized to cell count, and statistical analyses of fold change
differences were donein MATLAB (two-sample t-test).
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Mathematical modeling: A 24-flux metabolic network model that represents glycolysis,
reduction of pyruvate to lactate, TCA cycle, glutamine/glutamate metabolism, and oxidative
phosphorylation was devel oped by simplifying the model reported in (Balcarcel and Clark 2003).
Experimentally measured glucose uptake, lactate production, glutamine uptake, glutamate
production, and oxygen consumption rates (converted to mmol/gDW/hr by assuming averaged
cell weight of 1 ng) were used to constrain the corresponding fluxes by setting their lower and
upper bounds to the mean measured value minus and plus standard error across all replicates
respectively. Other fluxes were unconstrained with their lower or upper bounds set to -100 or
100 respectively. Considering the flux-balance solutions are not unique, we quantified the
uncertainty of unmeasured fluxes by sampling the constrained high-dimensional flux space. Flux
sampling allows building marginal distributions of each flux and computing the averaged flux
value as the most possible solution under the constraints given by data. For the distribution of
flux ratios between metastatic derivatives and parental cell types, we used a bootstrap method to
resample the marginal distributions with replacement and calculate the fold change of resampled
fluxes. Custom Python codes were devel oped with the COBRApy package (Ebrahim et al. 2013)
to carry out all metabolic flux modeling and simulationsin the paper.

Enzymatic assays. The Hexokinase Activity Assay Kit (Abcam ab136957),
Phosphofructokinase Activity Assay Kit (Abcam abh155898), Glyceraldehyde 3 Phosphate
Dehydrogenase Activity Assay Kit (Abcam ab204732), and Pyruvate Kinase Assay Kit (Abcam
ab83432) were used and accompanying protocols were followed. Briefly, cells from each lineage
were trypsinized, counted, and 250,000 cells were collected for each assay. Cells were washed
with PBS, homogenized, and the supernatant was mixed with substrate and probe developer.
Absorbance was read at 450nm, and activity rate was calculated by measuring absorbance at two
time points and compared to a standard curve. Negative and positive controls were used.
Metastatic Breast Cancer Project analysis: The resultsincluded here include the use of data
from The Metastatic Breast Cancer Project (https.//www.mbcproject.org/), a project of Count Me
In (https://joincountmein.org/) [ (Wagle et al. 2016) ].Clinical metadata, genomic data, and gene
expression datafor the Metastatic Breast Cancer Project was downloaded from the cBio portal
(MBCproject cBioPortal data version March 2020) (Cerami et al. 2012; Gao et a. 2013). Custom
MATLAB scripts were used to calculate the most common metastatic sites and mutationsin the
selected samples. Archetypes were generated by using non negative matrix factorization, with
each sample having probabilistic membership into each archetype. The maximum likelihood
archetype was assigned as the given archetype for each sample. Proportions of each metastatic
site for each breast cancer mutation, hormone receptor status, and transcriptional archetype were
calculated in MATLAB. Patients were then classified according to whether they had metastases
to the lung (including patients who had metastases to other sites aswell as lung) or metastases to
any location other than lung. Patients who had no metastases (or did not have any annotation
regarding metastasis) were excluded. The ratio of gene expression of
(LDHA+LDHB)/(PDHA1+PDHA?2) was calculated for each patient; boxplot and statistical
analysis of fold change between groups (two-sample t-test) was done in MATLAB. UMAP
(Mclnnes et al. 2018) analysis of patient archetypes was donein MATLAB after z-scoring each
sample.

13


https://doi.org/10.1101/2020.08.03.234468

bioRxiv preprint doi: https://doi.org/10.1101/2020.08.03.234468; this version posted September 2, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

References

Alaimo, S., Giugno, R., Acunzo, M., Veneziano, D., Ferro, A. and Pulvirenti, A. 2016. Post-
transcriptional knowledge in pathway analysis increases the accuracy of phenotypes
classification. Oncotarget 7(34), pp. 54572-54582.

Alaimo, S., Marceca, G.P., Ferro, A. and Pulvirenti, A. 2017. Detecting Disease Specific
Pathway Substructures through an Integrated Systems Biology Approach. Non-coding RNA 3(2).
Balcarcd, R.R. and Clark, L.M. 2003. Metabolic screening of mammalian cell cultures using
well-plates. Biotechnology Progress 19(1), pp. 98-108.

Basnet, H., Tian, L., Ganesh, K., et al. 2019. Fura-seq identifies organ-specific metabolic
adaptations during early metastatic colonization. eLife 8.

Berg, JM., Tymoczko, J.L. and Stryer, L. 2002. The Glycolytic Pathway Is Tightly Controlled.
In: Biochemistry. 5th Edition. New Y ork: W H Freeman.

Bonuccdlli, G., Tsirigos, A., Whitaker-Menezes, D., et al. 2010. Ketones and lactate “fuel” tumor
growth and metastasis: Evidence that epithelial cancer cells use oxidative mitochondrial
metabolism. Cell Cycle 9(17), pp. 3506-3514.

Bos, P.D., Zhang, X.H.-F., Nadal, C., et al. 2009. Genes that mediate breast cancer metastasis to
the brain. Nature 459(7249), pp. 1005-1009.

Cailleau, R., Young, R., Olivé, M. and Reeves, W.J. 1974. Breast tumor cell lines from pleural
effusions 2. INCI: Journal of the National Cancer Institute 53(3), pp. 661-674.
Carmona-Fontaine, C., Deforet, M., Akkari, L., Thompson, C.B., Joyce, JA. and Xavier, J.B.
2017. Metabolic origins of spatial organization in the tumor microenvironment. Proceedings of
the National Academy of Sciences of the United States of America 114(11), pp. 2934—29309.
Cerami, E., Gao, J., Dogrusoz, U., et al. 2012. The cBio cancer genomics portal: an open
platform for exploring multidimensional cancer genomics data. Cancer discovery 2(5), pp. 401—
404.

Cummings, M.C., Smpson, P.T., Reid, L.E., et al. 2014. Metastatic progression of breast cancer:
insights from 50 years of autopsies. The Journal of Pathology 232(1), pp. 23-31.

Datta, H., Stubbs, W.A. and Alberti, K. 1980. Substrate utilization by the lung. Metabolic
Activities of the Lung, pp. 85-104.

Dupuy, F., Tabariés, S., Andrzgjewski, S., et al. 2015. PDK 1-Dependent Metabolic
Reprogramming Dictates Metastatic Potential in Breast Cancer. Cell Metabolism 22(4), pp. 577—
589.

Ebrahim, A., Lerman, J.A., Palsson, B.O. and Hyduke, D.R. 2013. COBRApy: COnstraints-
Based Reconstruction and Analysis for Python. BMC Systems Biology 7, p. 74.

El-Mabhouh, A.A., Nation, P.N., Kaddoura, A. and Mercer, J.R. 2008. Unexpected preferential
brain metastases with a human breast tumor cell line MDA-MB-231 in BALB/c nude mice.
Veterinary pathology 45(6), pp. 941-944.

Fisher, A.B. and Dodia, C. 1984. Lactate and regulation of lung glycolytic rate. The American
Journal of Physiology 246(5 Pt 1), pp. E426-9.

Gao, J., Aksoy, B.A., Dogrusoz, U., et al. 2013. Integrative analysis of complex cancer genomics
and clinical profiles using the cBioPortal. Science Sgnaling 6(269), p. pl1.

Hanahan, D. and Weinberg, R.A. 2011. Hallmarks of cancer: the next generation. Cell 144(5),
pp. 646-674.

Hitosugi, T. and Chen, J. 2014. Post-translational modifications and the Warburg effect.
Oncogene 33(34), pp. 4279-4285.

14


https://doi.org/10.1101/2020.08.03.234468

bioRxiv preprint doi: https://doi.org/10.1101/2020.08.03.234468; this version posted September 2, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Itadani, H., Mizuaral, S. and Kotani, H. 2008. Can systems biology understand pathway
activation? Gene expression signatures as surrogate markers for understanding the complexity of
pathway activation. Current Genomics 9(5), pp. 349-360.

Kang, Y., Siegdl, P.M., Shu, W., et al. 2003. A multigenic program mediating breast cancer
metastasis to bone. Cancer Cell 3(6), pp. 537-549.

Kennecke, H., Yerushalmi, R., Woods, R., et al. 2010. Metastatic behavior of breast cancer
subtypes. Journal of Clinical Oncology 28(20), pp. 3271-3277.

Levine, A.J. and Puzio-Kuter, A.M. 2010. The control of the metabolic switch in cancers by
oncogenes and tumor suppressor genes. Science 330(6009), pp. 1340-1344.

Li, A.M., Ducker, G.S,, Li, Y., et a. 2020. Metabolic Profiling Reveals a Dependency of Human
Metastatic Breast Cancer on Mitochondrial Serine and One-Carbon Unit Metabolism. Molecular
Cancer Research 18(4), pp. 599-611.

Liberti, M.V. and Locasale, JW. 2016. The warburg effect: how does it benefit cancer cells?
Trends in Biochemical Sciences 41(3), pp. 211-218.

Lottes, R.G., Newton, D.A., Spyropoulos, D.D. and Baatz, J.E. 2015. Lactate as substrate for
mitochondrial respiration in alveolar epithelial type Il cells. American Journal of Physiology.
Lung Cellular and Molecular Physiology 308(9), pp. L953-61.

Lu, X., Bennet, B., Mu, E., Rabinowitz, J. and Kang, Y. 2010. Metabolomic changes
accompanying transformation and acquisition of metastatic potential in a Syngeneic mouse
mammary tumor model. The Journal of Biological Chemistry 285(13), pp. 9317-9321.
McDonald, O.G,, Li, X., Saunders, T., et a. 2017. Epigenomic reprogramming during pancreatic
cancer progression links anabolic glucose metabolism to distant metastasis. Nature Genetics
49(3), pp. 367-376.

Mclnnes, L., Healy, J. and Mélville, J. 2018. Umap: Uniform manifold approximation and
projection for dimension reduction. arXiv preprint arXiv: 1802.03426.

McKeown, S.R. 2014. Defining normoxia, physoxia and hypoxiain tumours-implications for
treatment response. The British Journal of Radiology 87(1035), p. 20130676.

Minn, A.J., Gupta, G.P., Siegel, P.M., et al. 2005. Genes that mediate breast cancer metastasis to
lung. Nature 436(7050), pp. 518-524.

Minn, A.J., Kang, Y., Serganova, |., et al. 2005. Distinct organ-specific metastatic potential of
individual breast cancer cells and primary tumors. The Journal of Clinical Investigation 115(1),
pp. 44-55.

Mishra, D. and Banerjee, D. 2019. Lactate Dehydrogenases as M etabolic Links between Tumor
and Stroma in the Tumor Microenvironment. Cancers 11(6).

Mock, A., Warta, R., Dettling, S., Brors, B., Jager, D. and Herold-Mende, C. 2018. MetaboDiff:
an R package for differential metabolomic analysis. Bioinformatics 34(19), pp. 3417-3418.
Mootha, V.K., Lindgren, C.M., Eriksson, K.-F., et a. 2003. PGC-1a pha-responsive genes
involved in oxidative phosphorylation are coordinately downregulated in human diabetes. Nature
Genetics 34(3), pp. 267-273.

Nguyen, D.X., Bos, P.D. and Massagué, J. 2009. Metastasis. from dissemination to organ-
specific colonization. Nature Reviews. Cancer 9(4), pp. 274-284.

Obenauf, A.C. and Massague, J. 2015. Surviving at a Distance: Organ-Specific Metastasis.
Trendsin cancer 1(1), pp. 76-91.

Paget, S. 1889. THE DISTRIBUTION OF SECONDARY GROWTHS IN CANCER OF THE
BREAST. The Lancet 133(3421), pp. 571-573.

Parpura, V., Schousboe, A. and Verkhratsky, A. eds. 2014. Glutamate and ATP at the interface

15


https://doi.org/10.1101/2020.08.03.234468

bioRxiv preprint doi: https://doi.org/10.1101/2020.08.03.234468; this version posted September 2, 2020. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

of metabolism and signaling in the brain. Cham: Springer International Publishing.
Puchalapalli, M., Zeng, X., Mu, L., et al. 2016. NSG Mice Provide a Better Spontaneous Model
of Breast Cancer Metastasis than Athymic (Nude) Mice. Plos One 11(9), p. e€0163521.

Quail, D.F. and Joyce, J.A. 2013. Microenvironmental regulation of tumor progression and
metastasis. Nature Medicine 19(11), pp. 1423-1437.

Reiter, J.G., Makohon-Moore, A.P., Gerold, J.M., et al. 2018. Minimal functional driver gene
heterogeneity among untreated metastases. Science 361(6406), pp. 1033-1037.

Ritchie, M.E., Phipson, B., Wu, D., et al. 2015. limma powers differential expression analyses
for RNA-sequencing and microarray studies. Nucleic Acids Research 43(7), p. e47.

Smid, M., Wang, Y., Zhang, Y., et al. 2008. Subtypes of breast cancer show preferential site of
relapse. Cancer Research 68(9), pp. 3108-3114.

Soni, A., Ren, Z., Hameed, O, et al. 2015. Breast cancer subtypes predispose the site of distant
metastases. American Journal of Clinical Pathology 143(4), pp. 471-478.

Subramanian, A., Tamayo, P., Mootha, V.K., et al. 2005. Gene set enrichment analysis: a
knowledge-based approach for interpreting genome-wide expression profiles. Proceedings of the
National Academy of Sciences of the United States of America 102(43), pp. 15545-15550.
Turashvili, G. and Brogi, E. 2017. Tumor heterogeneity in breast cancer. Frontiersin medicine
4, p. 227.

Vander Heiden, M.G., Cantley, L.C. and Thompson, C.B. 2009. Understanding the Warburg
effect: the metabolic requirements of cell proliferation. Science 324(5930), pp. 1029-1033.
Wagle, N., Painter, C., Krevalin, M., et al. 2016. The Metastatic Breast Cancer Project: A
national direct-to-patient initiative to accelerate genomics research. JCO 34(18_suppl), pp.
LBA1519-LBA1519.

Warburg, O., Wind, F. and Negelein, E. 1927. The metabolism of tumorsin the body. The
Journal of General Physiology 8(6), pp. 519-530.

Zhang, J. and Liu, Q. 2015. Cholesterol metabolism and homeostasisin the brain. Protein & cell
6(4), pp. 254-264.

16


https://doi.org/10.1101/2020.08.03.234468

bioRxiv preprint doi: https://doi.org/10.1101/2020.08.03.234468,; this ygrsion posted September 2, 2020. The copyright holder for this preprint
A (which was not certified by peer review) is the author/funder. All rights reserved. Np reuse allo%ed witho ission.

>
o — —
Brain-homing 5 3 ——
o
invivo invivo o 2
selection”’ Brv1 selection” BrMz2 @
£
Parental (MDA-MB 231) — =
£,
. . . . ©
in vivo N invivo in vivo N £
selection . 0 —Seiection” LM selection . LM2 g
g 1
Lung-homing g
§_2 o — — —
é e x t+t x O+ ¢ x ko O x + o x replicate
Parental Brain-homing Lung-homing
(MDA-MB 231)  (BrM2) (LM2)
C D
1F . 5
Replicate: * Parental (MVDA-MB 231)
0.8 - . - >
10 ® Brain-homing (BrM2) g
2 A £ 44 mm Parental (MDA-MB 231)
06 ¢ Lung-homing (LM2 =S
Do~ mm Brain-homing (Br!
9 g( ) 25 Brain-homi BrM2
E 04l 4 0O * Metabolites §'§3_ mm |_ung-homing (LM2)
= >0
© 5.2
8o 5V 3
o - gg
§ Glucose = 2]
a0 -V 8
O Q
& o2t ‘ 50, 2 14
—_~
2 40 T
04 F o O
n © 30— 0
o
06 o 220 @
=25 R
o © O
08} ) 104 —ts N
=~ — 2 <
-1k 1 1 1 1 1 1 1 1 1 \\)c’o
-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1 B
PC1, 84% explained
E BrM2/Parental F
20 : " : : 20 ' L!\/I2/Parenta|l .
. il lm'“ i |||mm“
L L e L e
I —_
& - ) :
© =
£ g
° p>.05 | g p>.05 l
g p<.05 e p<.05
8 50 Glycolysis/Gluconeogenesis| cé') 60 Glycolysis/Gluconeogenesis
-80 1 -80 i
-1005 50 100 150 200 -1005 50 100 150 200

Metabolites Metabolites

Figure 1


https://doi.org/10.1101/2020.08.03.234468

Proton efflux rate

#cells/well

bioRxiv preprint doi: https://doi.org/10.1101/2020.08.03.23

*

| =mBrain-homing (BrM2)

== | ung-homing (LM2)

umql produced/million cells/hr
N
o

1500+

10004

5001

[
o
o
o

S
o
o
(=]

N
o
o
(=]

=1 non-CO, acidification
=3 compensatory glycolysis

*
*

P BrM2 LM2 P BrM2 LM2

— Parental (MDA-MB 231)
— Brain-homing (BrM2)
— Lung-homing (LM2)

déys

M

68; this version posted September 2, 2020. The copyright holder for this preprint

1 wmParental (M%hmg 5\‘/% not certified by peer review) is the al hgr/fundei

Oxygen consumption

Extracellular acidificatio

2001

mpH/min)
1

~ 1001

rate

o
-
1

o
o
I

S
e
1

umol produced/million cells/hr

S
N

. All rights reserved. No reuseallowed without permission.
* Ebasal ECAR
ol Einhibited mitochondra ECAR

T T T
P BrM2 LM2

P BrM2 LM2

mm Parental (MDA-MB 231)
= Brain-homing (BrM2)
mm | ung-homing (LM2)

100+

A o o
e ¢ D

rate (pmol/min)

N
o
1

o
}

ns
L) L) L) L) L) L)
Glutamine Glutamate
ns
—_— == basal respiration
ns
: 3 ATP production
L) L) L)
P BrM2 LM2 P BrM2 LM2

Figure 2


https://doi.org/10.1101/2020.08.03.234468

A bioRxiv preprint doPhitasifgigilorg/10.1101/2020.08.03.234468,; this version posted September 2, 2020. The B)Fwigtht holder for this preprint
(which was not certified by peer review) is the author/funder. All rightts reserved. No reuse allowed without permission.
Glcl(ex) Glc (ex)
1
4 J ) 4 J )
Gle ATP Gle ATP
ATP ATP
ADP KADP
Biomass G6p Biomass G6p
NAD ADP NAD ADP
NAD NADH ADP NAD NADH
NADH ATP NADH ATP ADP
Lac (ex) é— Lac Pyr Lac (ex) é- Lac L Pyr
ATP ATP
ADP f ADP .
co, NAD Biomass — co, NAD Biomass
NADH
COQ(ex)» OAA Coz( ex) NA NADH
Gln—(}— GIn (ex) GIn—}— GiIn (ex)
co, co, — CO, co,
ATP aKG ———~—Glu—+}—Glu (ex) ATP aKG ——~——Glu—+}—Glu (ex)
ADP ADP ﬂ
FADH, NADH NAD FADH, NADH NAD
FAD NaDH AP Biomass FAD napH NAP Biomass
NADH NAD FADH, FAD NADH NAD FADH, FAD
O, ATP O, ATP o, O;.‘, [ ATiP
ADP ADP App  ATP ADP
G ‘ J . J
O,(ex) 0O,(ex)
LM2
c D Hexokinase E PFK
Glcl(ex) 0.2 . 2.5 .
4 v N 0.18 5
ATP 20.16 2 2
Glc S I}
ATP $0.14 g
EADP 3 0.12 @19 .
o] [}
Biomass —— G6p 2 01 c 1
ADP 50.08 9
NAD NADH NAD £ 0.06 E
NADH hoP E 0.04 29
ATP 002 c
Lac (ex) é Lac 0 0
Biomass
G
F G3PDH PK
CO,(ex) 1.2 ) 0.08 e
GIn—|— GIn (ex) ] —_ g 007
2 5
§ 3 0.06
= g08 £ 005
aKG —~——Glu—+{—Glu (ex) @ * =z
/ < [\ 0.6 S 0.04
ADP™ T [ c 5
FADH, / NADH NAD So4 % 0.03
FAD  naDH VAP Biomass £ 3 0.02
g02 E 0.1
NADH NAD FADH, , FAD E .
/ 0 0
0, ATP 0, ATP
ADP ADP mm Parental (MDA-MB 231)
. J mm Brain-homing (BrM2)
| mm | ung-homing (LM2)
O (ex)

Figure 3


https://doi.org/10.1101/2020.08.03.234468

Normalized mRNA intensity

Ratio LDH/PDH gene expression

bioRxiv preprint doi: https://doi.org/10.1101/2020.08.03.234468; this version posted September 2, 2020. The copyright holder for this preprint
(which was not certified Iy peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

15000 = ™ Parental (MDA-MB 231) 15000 — ™= Parental (MDA-MB 231)
== Brain-homing (BrM2) > mm | ung-homing (LM2)
3 *
k)
£
10000 =
z
o
[S
5000 - 3
N
®
£
0- 2
LHDA LDHB
D
= s T
= 21 *
3
% 9 ns
8
3 % 7 . —_
6 .
P R— 55 .
[ -
I
2 g 3
T 1
[h4
Parental Brain-homing Lung-homing Other mets  Brain mets  Lung mets
(MDA-MB 231)  (BrM2) (LM2) n=58 n=3 n=6

Figure 4


https://doi.org/10.1101/2020.08.03.234468

