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ARTICLE INFO ABSTRACT

Keywords: Cancer metabolism plays an essential role in therapeutic resistance, where significant inter- and intra-tumoral
Metabolic rewiring heterogeneity exists. Hypoxia is a prominent driver of metabolic rewiring behaviors and drug responses. Reca-
Hypoxia

pitulating the hypoxic landscape in the tumor microenvironment thus offers unique insights into heterogeneity in
metabolic rewiring and therapeutic responses, to inform better treatment strategies. There remains a lack of
scalable tools that can readily interface with imaging platforms and resolve the heterogeneous behaviors in
hypoxia-associated metabolic rewiring. Here we present a micro-metabolic rewiring (pMeRe) assay that provides
the scalability and resolution needed to characterize the metabolic rewiring behaviors of different cancer cells in
the context of hypoxic solid tumors. Our assay generates hypoxia through cellular metabolism without external
gas controls, enabling the characterization of cell-specific intrinsic ability to drive hypoxia and undergo meta-
bolic rewiring. We further developed quantitative metrics that measure the metabolic plasticity through phe-
notypes and gene expression. As a proof-of-concept, we evaluated the efficacy of a metabolism-targeting strategy
in mitigating hypoxia- and metabolic rewiring-induced chemotherapeutic resistance. Our study and the scalable
platform thus lay the foundation for designing more effective cancer treatments tailored toward specific meta-
bolic rewiring behaviors.

Tumor heterogeneity
Metabolism-targeting therapy
Tumor microenvironment

extracellular matrix or ECM, and cytokines) [8], which give rise to
stress-evading and therapy-resistant cancer phenotypes [9,10]. There-

1. Introduction

Despite substantial advancements in cancer diagnosis and treat-
ments, therapeutic resistance remains a major threat to cancer patients
[1]. Metabolic alterations are a hallmark of cancer and an essential
player in mediating resistance to various therapies [2]. While new
treatment strategies aiming at cancer metabolism are on the rise [3], it is
increasingly recognized that different cancers have different metabolic
preferences and dependencies, as illustrated by recent metabol-
ic/metabolomic analyses and functional genomic studies [4-6]. Within
the same tumors, metabolic phenotypes are also heterogeneous and
plastic [7], determined by both intrinsic factors (e.g., cell origin and
mutations) and extrinsic factors from the tumor microenvironment
(TME) and body system (e.g., oxygen, nutrients, stromal -cells,
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fore, capturing the inter- and intra-tumoral heterogeneity in metabolic
phenotypes is crucial for understanding patients’ diverse responses to
cancer therapy and developing more effective, personalized treatment
strategies [11].

Hypoxia is a prominent driver of metabolic pathways and rewiring
associated with therapeutic resistance, such as oxidative stress, cell cycle
arrest, and genomic instability [12-14]. Solid tumors develop hypoxia
due to an imbalance between oxygen consumption by cancer cells and
limited oxygen supply by diffusion through the irregularly formed tumor
vasculature [15]. As a result, oxygen levels in a solid tumor are het-
erogeneous and exist in a gradient, ranging from physioxic to anoxic
levels [16]. Consequently, cancer cells rewire their metabolism to adapt
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locally to oxygen availability. In severely hypoxic regions, cancer cells
switch from oxidative phosphorylation (OXPHOS) to the
oxygen-independent glycolytic pathway to maintain ATP production
(Fig. 1A) [17,18], which contributes to tumor acidosis and promotes
drug-resistant, malignant phenotypes [19,20]. Notably, the develop-
ment of such a hypoxic landscape and its influence on therapy resistance
may also vary between cancer types and subtypes, and among different
patients (Fig. 1B) [16,21]. Therefore, recapitulating the hypoxic land-
scape of solid tumors provides a unique opportunity for revealing the
inter- and intra-tumoral heterogeneity in the metabolic rewiring and
therapeutic resistance.

There remains a lack of tools for characterizing the heterogeneous
behaviors in hypoxia-associated metabolic rewiring [22]. In vivo tumor
models may recapitulate tumor hypoxia in the most relevant manner
[23]. However, it is technically challenging to study the heterogeneous
and dynamic interplays within a living system. In vivo models also face
high variability and low throughput, which make them unfavorable for
characterizing diverse cancer types, especially in the early-stage bio-
logical investigations and preclinical therapeutic screenings. In vitro
models can reveal heterogeneity in a consistent, interpretable manner
and are scalable for higher throughput assays. Among those, hypoxic
chambers are the most commonly used to study hypoxic signaling.
However, they fail to reproduce intra-tumoral metabolic heterogeneity
and disregard the inter-tumoral heterogeneity in their intrinsic ability to
drive hypoxia and metabolic rewiring [24,25]. Conventional tumor
spheroids, while capable of reproducing cancer cell-driven hypoxic
landscapes, are technically difficult to interface with live imaging-based
analysis to resolve the heterogeneous and dynamic behaviors in meta-
bolic rewiring [26]. Overall, the existing hypoxia approaches are not
suitable for assessing the cancer cell’s intrinsic ability to drive hypoxia
and generate different metabolic phenotypes.

Here, we present a micro-metabolic rewiring (uMeRe) assay that
measures the metabolic rewiring behaviors of diverse cancer cells/types
in the context of hypoxic solid tumors. Our pMeRe assay fulfills the need
for a highly scalable tumor model that is compatible with high-
resolution imaging and can readily capture inter- and intra-tumoral
heterogeneity through the interplay between hypoxia and metabolic
rewiring. Cancer cells are cultured in a hypoxia-inducing pMeRe device
that recapitulates the natural process of how hypoxia is established in
solid tumors. Combined with a workflow of phenotypic and gene
expression analyses and quantitative measurements, the assay provides
the scalability and throughput necessary for evaluating the heteroge-
neity of different cancer cells in driving a hypoxic TME and undergo
metabolic rewiring. As a proof-of-concept, we evaluated the efficacy of a
metabolism-targeting strategy in mitigating hypoxia- and metabolic
rewiring-induced chemotherapeutic resistance. Our study and the scal-
able platform thus lay the foundation for designing more effective
personalized cancer medicine aiming at metabolic rewiring in the TME.

2. Results

2.1. Designing a uMeRe assay to measure cancer-specific response to an
oxygen-limited TME

To highlight the distinct metabolic rewiring characteristics of
different cancer cells and/or types, we designed a micro-metabolic
rewiring (pMeRe) assay to impose an oxygen-limited microenviron-
ment on cancer cell cultures (Fig. 1C). The core of the assay is a hypoxia-
inducing cell culture device (i.e., a pMeRe device) consisting of a cir-
cular micropattern of cancer cells sandwiched between two oxygen
diffusion barriers (polycarbonate, or PC, at the top and glass at the
bottom) [27]. A natural oxygen gradient is established across the cancer
micropattern due to cell-specific consumption and limited lateral
diffusion of oxygen across the monolayer (Fig. 1C). This
metabolism-driven approach recapitulates the natural process of how
cancer cells establish hypoxia in solid tumors, whereas the spatial
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patterns of metabolic profiles and rewiring dynamics are dependent on
the intrinsic characteristics of the cancer cells of interest. To control for
the oxygen condition, for each pMeRe assay, we also cultured cancer
cells in a normoxia device in parallel. The normoxia device shares the
same dimensions as the pMeRe device except without the PC oxygen
diffusion barrier, thus with unobstructed oxygen supply through poly-
dimethylsiloxane (PDMS) from above (Fig. 1D). Cancer cells in the
pMeRe device establish a hypoxic landscape by oxygen consumption
during cellular metabolism; in turn, they also rewire their metabolism to
adapt to the new hypoxic landscape. The changes in protein markers and
gene expression can then be measured as indicators of metabolic
rewiring for the specific cancer cells/types (Fig. 1D).

The pMeRe device was assembled following a simple workflow using
soft lithography and low-cost fabrication tools (Fig. 1E), and cancer cells
were subsequently loaded through liquid-pinning to form a micro-
pattern [27] (Fig. 1F). Materials and fabrication tools for the device are
all commercially available through the mass consumer market, making
it much more cost-effective compared to the conventional
photolithography-based  microfabrication methods. We  used
high-resolution micro-milling to fabricate the master mold for the PDMS
component of the device, where the number, size, and shape of cancer
micropatterns can be readily varied to accommodate different contexts
and applications [28] (Fig. 1G). Notably, arrays of pMeRe and normoxia
devices can be integrated with commercial single-well or multi-well
plates to facilitate handling and enhance throughput (Fig. 1H). Over-
all, the design of the pMeRe device and its enhanced throughput allow
for measuring the metabolic rewiring behaviors of diverse cancer cell-
s/types in the context of hypoxic solid tumors.

2.2. uMeRe assay reveals intertumoral heterogeneity in hypoxia marker
expression

To develop a pMeRe assay and examine whether it can discriminate
the heterogeneous metabolic rewiring characteristics of different types
of cancer cells, we cultured a panel of 8 human cancer cell lines origi-
nating from 4 different organs (ovary, prostate, lung, and breast) in
pMeRe devices and their normoxia counterparts/controls (Fig. 2A).
After 24 h of culture, we measured the hypoxic landscapes and rewired
metabolic status established by each cancer cell type through Bio-
Tracker™ hypoxia dye (an exogenous marker for hypoxia) and immu-
nostaining of Glut-1 (an endogenous marker for glycolysis) (Fig. 2A).
The BioTracker hypoxia dye is a hypoxia-selective probe that becomes
fluorescent in hypoxic cells, while Glut-1 is a glucose transporter regu-
lated by hypoxia-inducible factor-1 (HIF-1) to facilitate anaerobic
glycolysis in response to reduced oxidative phosphorylation (OXPHOS)
[21]. As indicated by the BioTracker hypoxia dye, all cancer cells
established a hypoxic gradient within the pMeRe device, with the
greatest fluorescence intensity observed at the center of the cancer
micropatterns (Fig. 2A). The hypoxic landscape and metabolic rewiring
were characterized as 1) the fold changes in the fluorescence intensities
of BioTracker hypoxia dye and Glut-1 at the center of the pMeRe device
versus its normoxic counterpart (Fig. 2B-D), and 2) the radial cutoff
distance of the fluorescence signal (defined as a 30% drop from the peak
fluorescence at the center) in the pMeRe device (Fig. 2C-E). These
measurements offer an understanding of the magnitude and extent of
cancer cells influenced by the oxygen-limited microenvironment and
their corresponding metabolic rewiring behaviors.

Interestingly, cancer cells originating from the same organ showed a
similar level of increase in the fluorescence of hypoxia dye in pMeRe
devices over their normoxia controls (Fig. 2B). Among different cancer
types, the two prostate cancer cells, LNCaP and PC3, showed the highest
change (>3.5-fold), while the ovarian cancer cells, OAW42 and SKOV3,
had the lowest (~1.9-fold). The cutoff distance varied across the panel of
cancer cells, with the LNCaP prostate cancer cells (~2692 pm) and the
SKOV3 ovarian cancer cells (~1682 pm) at the two ends of the distri-
bution (Fig. 2C). Since the radius of cancer micropatterns was fixed at
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Fig. 1. Capturing tumor heterogeneity under an oxygen-limited microenvironment in the pMeRe device. (A) A schematic of the hypoxic profile and associated
metabolic rewiring in the tumor microenvironment in solid tumors. (B) Inter- and intra-tumoral heterogeneity and the corresponding distinct therapeutic responses.
(C) A schematic of the pMeRe device and the working mechanism of establishing a hypoxia gradient. (D) The workflow of a pMeRe assay. Cancer cells are cultured in
a pMeRe device and a normoxia control device. Cancer cells in the pMeRe device establish a hypoxia landscape through oxygen consumption and adaptive metabolic
rewiring response. Hypoxia markers and gene expression are measured and compared for the specific cancer cells. (E) The pMeRe device fabrication process. (F) An
assembled pMeRe device. The tumor region is highlighted by injected colored solution confined by liquid pinning. Scale bar: 6 mm. (G) A master mold of the pMeRe
device fabricated with desktop micromilling that accommodates different device designs. (H) Devices can be deployed as a culture platform on commercial cell

culture plates for enhanced scalability. Scale bar: 3 mm.
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Fig. 2. Intertumoral heterogeneity in the expression of hypoxia and glycolysis markers is revealed by the pMeRe assay. (A) Hypoxia landscapes in pMeRe and
normoxia devices. Green: BioTracker™ hypoxia dye staining; purple: Glut-1 immunostaining. Dashed lines: radial cutoff distance of fluorescence signal (defined as a
30% drop from the peak value at the center). Scale bar: 1000 pm. (B) Fold differences in BioTracker hypoxia dye fluorescence intensity at the center of the pMeRe vs.
the normoxia devices for each cancer cell line. (C) Radial cutoff distances of the BioTracker hypoxia dye fluorescence signals in the pMeRe device for each cancer cell
line. (D) Fold differences in Glut-1 fluorescence intensity at the center of the pMeRe vs. the normoxia devices for each cancer cell line. (E) Radial cutoff distances of
Glut-1 fluorescence in the pMeRe device for each cancer cell line. (B-E) Error bars: standard deviation, n = 6 for each condition.

3000 pm, we can calculate the percentage of hypoxic or rewired cells rewiring indicated by Glut-1, while the SKOV3 ovarian cancer cells
within the pMeRe devices using the cutoff distance. For instance, created the least hypoxic TME without discernible changes in Glut-1
~80.5% of the LNCaP prostate cancer cells and ~31.4% of the SKOV3 expression. Notably, compared to the prominent differences observed
ovarian cancer cells were hypoxic. On the other hand, the LNCaP in the pMeRe assay, the differences in the metabolic rewiring behaviors
prostate cancer cells also showed the highest increase (>4.4-fold) and of LNCaP cells and SKOV3 cells could not be easily observed using a
the greatest cutoff distance (~2370 pm; or ~62.4% of micropattern hypoxia incubator (Fig. S1). The pMeRe assay thus reveals a high level of
area) in Glut-1 expression (Fig. 2D and E). Surprisingly, Glut-1 upre- heterogeneity in the capabilities of different cancer cells in driving a
gulation over normoxia control was not seen in the two ovarian cancer hypoxic TME and undergoing metabolic rewiring.

cells, OAW42 and SKOV3, nor in the PC3 prostate cancer cells in the
pMeRe devices (Fig. 2D). As a result, they did not have a cutoff distance
in Glut-1 staining (Fig. 2E). Overall, the LNCaP prostate cancer cells
generated the most hypoxic TME and had the greatest metabolic
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2.3. uMeRe assay reveals intertumoral heterogeneity in metabolism-
related gene expression

To further resolve the observed heterogeneity in rewiring behaviors,
we examined the differential gene expression of cancer cells cultured in
the pMeRe device over their normoxia control (Fig. 3A). All devices were
disassembled after 24 h of culture to extract cancer cells from the whole
micropattern for RNA isolation and reverse transcription-quantitative
polymerase chain reaction (RT-qPCR). The panel consists of 13 genes
related to cellular metabolism, including glycolysis, OXPHOS, and
mitochondrial electron transport chain (ETC). We observed metabolic
rewiring from OXPHOS to glycolysis in all the cancer types, as
glycolysis-associated genes were upregulated and those related to
OXPHOS and mitochondrial ETC were downregulated (Fig. 3B). A closer
examination reveals a cancer cell line-specific difference in the magni-
tude of gene expression changes induced by the pMeRe device (over the
normoxia counterpart). Notably, hexokinase 2 (HK2) was highly upre-
gulated in A549 and PC9 lung cancer cells (~4.4 and ~2.9 in logs(fold
change), respectively) and OAW42 ovarian cancer cells (~3.1 in loga(-
fold change)). Interestingly, SKOV3 ovarian cancer cells and PC3 pros-
tate cancer cells had minimal upregulation of glycolysis-related genes
(~0.5 and ~0.3 in logy(fold change), respectively). SKOV3 ovarian
cancer cells also showed the least downregulation of gene expression
related to OXPHOS and mitochondrial ETC (~-0.3 and ~ —0.5 in
logy(fold change), respectively). In contrast, LNCaP prostate cancer cells
had the greatest downregulation of OXPHOS and mitochondrial ETC
(~—1.4 and ~ —1.5 in logy(fold change), respectively) (Fig. 3B).
Overall, when measured by the average of absolute logs(fold) values in
the 13-gene panel, LNCaP prostate cancer cells had the highest and
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SKOV3 ovarian cancer cells had the least gene expression changes in the
uMeRe device, which is consistent with the finding from BioTracker
hypoxia dye and Glut-1 staining (Fig. 2).

To examine the relationship between imaging- and gene expression-
based metabolic rewiring activities, we next developed an aggregated
metric, MeRe (Metabolic Rewiring) score, from both analyses for each
examined cancer cell line (see Methods) (Table S1). Briefly, imaging-
based MeRe scores were constructed using the fold change of fluores-
cence intensity at the center of the pMeRe device over their normoxia
counterparts and the radial distance of the fluorescence signal observed
in the pMeRe device (from the center to the point where the fluorescence
intensity falls below 70% of the measured intensity at the center). Gene
expression-based MeRe scores were constructed using the logs(fold
change) of the metabolism-related genes and multiplying the expression
change with a weight score, either —1 (genes related to OXPHOS or
mitochondrial ETC) or 1 (genes related to glycolysis), to indicate the
metabolic shift from OXPHOS to glycolysis. Overall, the image-based
scores reflect the changes in hypoxia/glycolysis markers (i.e., pheno-
type/protein expression), while the gene expression-based scores reflect
the changes in the mRNA levels of metabolism-related genes.

We found a weak correlation (R = 0.32, p = 0.14), between the
imaging- and gene expression-based scores (Fig. 3C). The correlation
between the two scores (albeit weak) demonstrated an overlap between
the changes measured through the two approaches. Additionally, the
weak correlation also indicated that the two scores contained distinct
information on the heterogeneity of the metabolic rewiring behaviors in
different cancer cell lines. A closer examination revealed that several
cancer cell lines demonstrated differences between hypoxia/glycolysis
marker expression and gene expression. For instance, the PC9 and A549
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Fig. 3. pMeRe assay reveals intertumoral heterogeneity in metabolism-related gene expression. (A) A schematic of the RNA isolation workflow. Differential gene
expression analysis was performed between cells extracted from the pMeRe device vs. the normoxia counterpart for each cell line. (B) A heatmap of the metabolism-
related differential gene expression. Mito ETC: mitochondrial electron transport chain. OXPHOS: oxidative phosphorylation. RNA samples were obtained from n = 3
per condition. (C) Distribution of the cancer cell panel based on the fluorescence image-based (y-axis) vs. gene expression-based (x-axis) MeRe scores. Pearson
correlation analysis was performed between the two scores. (D) Total MeRe scores of the cancer cell panel.
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lung cancer cells showed high upregulation of hypoxia/glycolysis
markers (i.e., high fluorescence image-based MeRe scores), but their
gene expression-based MeRe scores were similar to those of OAW42
ovarian cancer cells and PC3 prostate cancer cells, which did not show
an increase in Glut-1 expression in the pMeRe device over their nor-
moxia control.

Since the two scores provide distinct insights into the metabolic
rewiring behavior, they were combined into a total MeRe score to
describe the overall metabolic rewiring behavior for each cancer cell
line (Fig. 3D). When we combined the fluorescence image- and gene
expression-based scores into the total MeRe scores, we observed similar
levels of metabolic rewiring behaviors in the two lung cancer cells, A549
and PC9, as well as the two breast cancer cells, MCF7 and T47D.
Through both the MeRe plot (Fig. 3C) and the total MeRe scores
(Fig. 3D), we also identified cancer cell lines with the most distinct
rewiring behaviors. The LNCaP prostate cancer cells and the SKOV3
ovarian cancer cells were at opposite ends of the MeRe plot, with the
highest and the lowest total MeRe scores, respectively (Fig. 3C and D).
Overall, the MeRe score indicates the magnitude of metabolic rewiring
toward a more glycolytic, less OXPHOS phenotype within pMeRe de-
vices (over their normoxia counterparts), which reflects the cancer cell’s
capability to: 1) establish a hypoxic TME, and 2) undergo metabolic
rewiring in response to the newly established hypoxic
microenvironment.

2.4. RNA-seq confirms heterogeneity and commonality of rewiring
behaviors in uMeRe assay

Our MeRe scores have been established with a selected set of exog-
enous and endogenous hypoxia markers and a panel of metabolism-
related genes. We next cross-checked our MeRe scores with tran-
scriptomic analysis using RNA sequencing (RNA-seq). All pMeRe and
corresponding normoxia devices were disassembled after 24 h of culture
to expose the micropatterns for cancer cell extraction, RNA isolation,
and RNA-seq. The transcriptomic profiles of all 8 cancer cell lines in the
pMeRe and normoxia devices were analyzed (Fig. 4A). Notably, the
differences between cancer cell lines were significantly more pro-
nounced than the differences between pMeRe and normoxia devices for
the same cancer cell lines (Fig. 4A and B). To identify differentially
expressed genes (DEGs) in the oxygen-limited microenvironment,
transcriptome-wide pairwise gene expression analysis was performed
between the pMeRe device and its normoxia counterpart for each cancer
cell line (Fig. 4C). DEGs were selected based on the criteria of absolute
loga(fold change) of no less than 2 (i.e., |loga(fold change)|> 2) and the
false discovery rate (FDR) of less than 0.05 (i.e., FDR <0.05). Interest-
ingly, the number of DEGs were similar in cancer cells from the same
organ of origin (except the two ovarian cancer cell lines). The prostate
(LNCaP and PC3) and lung (A549 and PC9) cancer cells had a greater
number of DEGs compared to the breast (MCF7 and T47D) and ovarian
(OAW42 and SKOV3) cancer cells. Coincidental to their MeRe scores,
LNCaP prostate cancer cells showed the greatest number of DEGs (368
DEGSs), whereas SKOV3 ovarian cancer cells had the lowest number of
DEGs (49 DEGs).

To visualize the shared and the distinct DEGs across different cancer
cell lines, we next organized the 8 sets of DEGs in an UpSet plot [29]
(Fig. 4C). The intersections of cancer cell line-specific DEGs are plotted
as a matrix (under the x-axis), where the colored individual circles
denote the unique DEGs in specific cancer cell lines and the
line-connected black or orange circles indicate the intersections (i.e., the
unique DEGs shared by the specified pairs or groups of cell lines). The
corresponding bar graph above the colored circles shows the number of
(shared) unique DEGs. Notably, LNCaP prostate cancer cells showed the
greatest number of distinct DEGs across all cancer types, where 231 out
of its 368 DEGs were unique to LNCaP prostate cancer cells. In contrast,
SKOV3 ovarian cancer cells only had 13 out of its 49 DEGs that were
unique. Furthermore, we identified 5 DEGs that were shared across all
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the cell lines, which include genes related to glycolysis and lipoprotein
metabolism (ALDOC, ANGPTL4, HK2), hypoxia (NDRG1), and apoptosis
(BNIP3).

We investigated the clinical significance of the five genes using pa-
tient data from The Cancer Genome Atlas (TCGA) database [30]. We
performed pooled survival analysis to evaluate the association between
the expression levels of each identified gene and patient survival out-
comes (Fig. 4D). In alignment with the cancer types examined in the
pMeRe assay, patient samples (n = 2950) of ovarian (OV), prostate
(PRAD), lung (LUAD and LUSC), and breast (BRCA) cancer were com-
bined. The patient cohorts were then stratified into high (top 25%), and
low (bottom 25%) expression groups based on the expression levels of
each gene, and survival curves were generated for each group to assess
differences in survival. Impressively, with the exception of HK2, the
remaining four genes exhibited a highly significant positive hazard ratio
(HR) in the selected cancer types, indicating a strong association be-
tween higher expression levels and poorer patient survival outcomes.
Next, we recognized that the five genes identified by the pMeRe assay
were not collectively found in the established hypoxia gene signatures
[31]. This led us to ask whether their expression levels correlate with
hypoxia-associated genes in patient samples. A hypoxia gene signature
was defined by selecting a set of 7 genes (VEGFA, ADM, LDHA, P4HA1,
SLC2A1, PGK1, DDIT4) commonly reported in the literature [32-34].
We performed Pearson correlation analyses to assess the relationship
between the average expression levels of the 5 identified genes and those
of the 7 hypoxia genes in patient samples of ovarian, prostate, lung, and
breast cancer (Fig. S2). A strong correlation was observed between the
expression levels of the two gene sets, indicating that the identified
genes are likely associated with hypoxia-related pathways despite not
being part of the traditional hypoxia gene signatures.

Next, we performed pathway enrichment analysis using Partek Flow
on the selected DEGs of each cancer type, which identifies involved
biological pathways with their respective enrichment scores. We focused
on the HIF-1 signaling pathway and glycolysis in all the analyzed cancer
cells and compared the enrichment scores to their corresponding total
MeRe scores (Fig. 4E and F). Notably, the MeRe scores showed a sig-
nificant correlation (RZ = 0.64, p = 0.02) with the enrichment scores of
the HIF-1 signaling pathway (Fig. 4F). In contrast, they are only weakly
correlated (R? = 0.32, p = 0.15) with those of glycolysis (Fig. 4H). We
further performed a comprehensive pathway enrichment analysis using
Ingenuity Pathway Analysis (IPA) to identify the top canonical pathways
based on the activation Z-score (i.e., a quantity that determines whether
a biological function has significantly more “increased” predictions than
“decreased” predictions [35]) and -logio(P value) (Tables S2 and 3).
From this list, 10 relevant canonical pathways with the highest activa-
tion Z-score (Fig. 4I) and -log;o(P value) (Fig. 4J) were selected. Under
both analyses, we observed that glycolysis, gluconeogenesis, and HIF-1a
signaling were commonly enriched in all cancer types, with LNCaP
prostate cancer cells showing the highest enrichment of glycolysis and
SKOV3 ovarian cancer cells showing the lowest. Our RNA-seq data thus
confirmed the heterogeneity and commonality of rewiring behaviors
observed in the imaging- and qPCR-based pMeRe assay.

2.5. Biosensor reveals differential oxygen sensitivity in HIF-1 response for
cells with distinct MeRe scores

Considering the strong correlation between the MeRe score and the
HIF-1a pathway (Fig. 4E), we next assessed the HIF-1a signaling activity
in cancer cells within the pMeRe device. HIF-1a degrades rapidly (<5
min) under normoxic conditions, making it difficult to capture the HIF-1
activity through immunostaining [36]. Therefore, a HIF-1-dependent
reporter gene was introduced into the cancer cells to monitor the
HIF-1 activity. The reporter was modified from a construct developed by
Erapaneedi et al. [37]. It consists of a hypoxia-sensing promoter region
with 5 x hypoxia-responsive element (HRE), a reporter region with a
fluorescent protein UnaG fused with a PEST degron sequence motif (to
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Fig. 4. RNA-seq confirms heterogeneity and commonality of rewiring behaviors in pMeRe assay. (A) Hierarchical clustering heatmap of gene expression for the 8
cancer cell lines cultured in pMeRe and normoxia devices. N = 2 per condition for bulk RNA-seq. (B) A 3-D PCA plot of the 8 cancer cell lines from pMeRe and
normoxia devices based on the bulk RNA-seq data. (C) An UpSet plot of differentially expressed genes (DEGs; individual and shared in all the examined cancer cell
lines). DEGs were identified and selected from those meeting the criteria of |log,(fold change)| > 2 and FDR <0.05 in the pMeRe device over the normoxia control.
(D) Kaplan-Meier survival curves for pooled patients (n = 2950) of ovarian cancer (OV), prostate cancer (PRAD), lung cancer (LUAD and LUSC), and breast cancer
(BRCA) when tumors are partitioned into high (top 25%) and low (bottom 25%) quantiles based on the expression levels of the indicated gene. Dotted lines indicate a
95% confidence interval. The hazard ratio (HR) and P value were calculated based on the Cox Proportional-Hazards (PH) Model. (E to H) Enrichment scores from
pathway enrichment analysis and their correlations with the MeRe scores. Pearson correlation analysis was performed between the scores. (E, F) HIF-1 signaling
pathway. (G, H) Glycolytic pathway. (I to J) Heatmaps of selected canonical pathways based on the (I) Z-score and (J) —log;o(P value) across the cancer cell panel in
the uMeRe device.

499



J.M. Oh et al.

enhance UnaG turnover), and a truncated CD19 (tCD19) under a
constitutive PGK promoter for cell sorting (Fig. 5A). The hypoxia
biosensor facilitates the monitoring of the dynamic HIF-1 activity in
real-time without the need for device disassembly or staining.

We chose LNCaP prostate cancer cells and SKOV3 ovarian cancer
cells for the biosensor-based analysis of HIF-1 activity, as they occupy
the two ends of the MeRe spectrum and have consistently shown distinct
rewiring behaviors within the pMeRe device. Both cancer cell lines were
transduced with the biosensor construct and sorted based on the
constitutive tCD19 marker expression (Fig. S3). The sorted LNCaP UnaG
tCD19 and SKOV3 UnaG tCD19 cells were cultured in pMeRe devices for
24 h before imaging, and the HIF-1 activity of each cancer cell line was
measured through the UnaG fluorescence intensity. Consistent with the
findings from BioTracker hypoxia dye and Glut-1 staining, LNCaP and
SKOV3 cells showed distinct HIF-1 activity in the pMeRe device
(Fig. 5B). LNCaP cells showed significantly higher UnaG expression than
SKOV3 cells at the center and intermediate regions of the pMeRe device
(Fig. 5C). Interestingly, SKOV3 cells also showed an upregulation of
UnaG signal at the center over the periphery in the pMeRe device,
although it was not as pronounced as that of LNCaP cells.

This led us to ask whether the observed differences in the HIF-1
activities were due to the differences in their responsiveness to the ox-
ygen landscape. To address this question, we cultured the biosensor-
transduced LNCaP and SKOV3 cell lines in the normoxia devices in an
oxygen-controlled incubator, which allows for equilibration of the ox-
ygen levels in the device to those of the incubator (Fig. 5D). For each
condition, the oxygen level was chosen from a series ranging from
normoxia to severe hypoxia (21%, 4%, 2%, and 1% O5). At the end of 24
h of incubation, we examined their UnaG expression as a function of
oxygen concentration using live fluorescence microscopy (Fig. 5E-G).
LNCaP cells showed higher UnaG expression in 1% O, (Fig. 5E), while
SKOV3 cells had limited increase in UnaG expression below 2% O,
(Fig. 5F). Interestingly, UnaG expression at 4% O was only observed in
SKOV3 cells, which suggests that SKOV3 cells have a higher intrinsic
oxygen threshold (i.e., oxygen level that triggers its HIF-1 activity)
compared to LNCaP cells. The oxygen threshold was calculated to be
~2.2% O5 for LNCaP cells and ~3.7% O for SKOV3 cells, which were
obtained by interpolating the oxygen concentration that resulted in 50%
of the maximum measured UnaG fluorescence (i.e., at 1% Os) (Fig. 5G).
Our data suggest that distinct characteristics of HIF responses, e.g., the
oxygen threshold to trigger HIF activities and the magnitude of HIF
responses, may underlie the observed differences in the metabolic
rewiring behaviors of cancer cells in the pMeRe devices.

Given the distinct HIF-initiating oxygen thresholds observed in the
two cell lines, we investigated the potential mechanism behind their
differing oxygen-sensing capabilities. Mitochondria have been recog-
nized as the major metabolic and signaling hub for cellular oxygen
sensing and HIF-1 activation [38,39]. Studies suggest that mitochondria
regulate hypoxia-induced responses through complex III in the mito-
chondrial ETC, which generates mitochondrial reactive oxygen species
(ROS) that serve as hypoxia signaling molecules [40,41]. We thus
examined whether LNCaP and SKOV3 cells show differential ROS pro-
duction in response to hypoxia. Two methods of hypoxia-induction were
utilized for the study: pMeRe device in the standard incubator and
normoxia device in the 1% O incubator (Fig. 5H). ROS production of
each cancer cell line was measured with CM-H;DCFDA (a fluorescent
dye-based indicator of ROS). After 24 h of culture, a significant increase
in ROS signal was only observed in LNCaP cells at the center of the
pMeRe device, which was absent in SKOV3 cells (Fig. 5I and J).
Consistent with the findings from the pMeRe device-cultured cells, a
significant increase in ROS signal was only observed in LNCaP cells in
normoxia device under 1% O, (Fig. 5K and L). Overall, our results
suggest that the differing hypoxia-induced rewiring behaviors of the
identified distinct cancer types may have originated from the mito-
chondria through ROS regulation.
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2.6. Targeting oxidative metabolism alleviates hypoxia-induced therapy
resistance

Hypoxia can induce molecular and cellular changes in cancer cells
that promote chemotherapeutic resistance, such as upregulating the
expression of drug resistance genes and drug efflux proteins [20].
Therefore, alleviating the severity of hypoxia in the TME may restore
chemotherapeutic efficacy. Cancer treatment by cisplatin, a widely used
first-line treatment, often results in limited response and a high rate of
recurrence, which has been largely attributed to the hypoxia-induced
therapy resistance [42,43]. A promising countermeasure is to reduce
the severity of hypoxia by inhibiting mitochondrial activity (Fig. 6A).
Atovaquone (ATO), an FDA-approved anti-malarial drug, can decrease
cellular oxygen consumption rate (OCR) by inhibiting mitochondrial
omplex III and has been shown to decrease hypoxic gene expression in
lung cancer patients [44,45]. Therefore, we examined whether ATO can
alleviate hypoxia-induced metabolic rewiring as well as cisplatin resis-
tance in pMeRe devices using cancer cells with distinct metabolic
rewiring behaviors.

LNCaP and SKOV3 cells were cultured in the pMeRe device for 12 h
before being treated with 40 pM atovaquone for another 12 h. Cells were
then characterized for their radial profiles of hypoxic states by Bio-
Tracker hypoxia dye staining, followed by Glut-1 immunostaining
(Fig. 6B-E). For LNCaP cells, ATO treatment eliminated the elevated
BioTracker hypoxia dye signal seen in the untreated control, while the
radial cutoff distance for the increased Glut-1 expression decreased by
~245 pm (Fig. 6B and C). For SKOV3 cells, atovaquone treatment also
abolished the enhanced BioTracker hypoxia dye signal. However,
changes in the radial profiles of Glut-1 expression were minimal (Fig. 6D
and E). Our results indicate that mitochondrial inhibition is effective in
reducing the severity of hypoxia in both cancer types, as well as the
magnitude of phenotypic change in the hypoxia-responsive LNCaP cells.

We further examined the changes in gene expression upon ATO
treatment, using RT-qPCR and the gene panel from Fig. 3B. The gene
expression profiles in the untreated (control) and ATO-treated pMeRe
devices were measured as logy(fold change) from the untreated coun-
terparts in normoxia devices (Fig. 6F). For LNCaP cells, ATO treatment
reduced the downregulation of OXPHOS- and mitochondrial ETC-
related genes, to the levels similar to those in the untreated normoxia
device. Interestingly, we observed a mixed trend in glycolysis-related
genes, where SLC2A1 was downregulated, while the rest were upregu-
lated in the ATO-treated condition. In contrast, for SKOV3 cells, ATO
treatment slightly reduced the upregulation of glycolysis-related genes
and the downregulation of mitochondrial ETC, while inducing a more
notable downregulation of OXPHOS-related genes in pMeRe devices
(Fig. 6F). As such, similar to the phenotypic changes, mitochondrial
inhibition also had a more pronounced effect on reducing the gene
expression changes in the hypoxia-responsive LNCaP cells.

Next, we evaluated whether reducing the severity of hypoxia and
hypoxia-induced rewiring can improve cisplatin response. LNCaP and
SKOV3 cells were cultured in the pMeRe and normoxia devices for 12 h
before being treated with 40 pM ATO for 12 h, followed by a combined
treatment of 40 pM ATO and 500 pM cisplatin for an additional 24 h. The
combination therapy was compared to the cisplatin-alone control,
where cells were incubated in the pMeRe and normoxia devices for 24 h
followed by 500 pM cisplatin treatment alone for another 24 h. The
therapy response was evaluated through the radial profiles of live cell
fractions (measured by the local areal density of live cells, see Methods)
in the cancer micropatterns after treatment. We observed hypoxia-
induced cisplatin resistance in LNCaP cells, as those cultured in the
pMeRe device exhibited a higher live areal density compared to their
normoxia counterpart following cisplatin treatment (Fig. 6G-I).
Combining ATO and cisplatin effectively lowered the LNCaP cell
viability near the edge of the pMeRe device (>2100 pm from the center),
where the live fraction decreased from ~50% to ~25% (Fig. 6I). For
SKOV3 cells, we did not observe hypoxia-induced cisplatin resistance in
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the pMeRe device, or any synergistic benefits of ATO and cisplatin
combination (Fig. 6H-J). Overall, our results indicate that the benefits of
mitochondrial inhibition are more pronounced against hypoxia-
responsive cancer types.

3. Discussion

Here, we developed a micro-metabolic rewiring (pMeRe) assay to
measure the ability of cancer cells to drive hypoxia and subsequent
metabolic rewiring in an oxygen-limited microenvironment. The device
was fabricated with micro-milling, which was much more cost-effective
than the conventional photolithography-based microfabrication
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methods. The cellular metabolism-driven hypoxia induction mirrors the
in vivo mechanism of hypoxia formation [46]. This allows hypoxia to be
induced in the device in a standard incubator without needing any
external oxygen control or complex tubing [47,48]. These features
enhance the simplicity and scalability of our assay for basic research and
preclinical therapeutic tests or screenings.

In addition to hypoxia, studies have also highlighted other factors
that can shift tumor metabolism, including intrinsic (e.g., altered genes)
and extrinsic cues (e.g., nutrient availability) [49]. Notably, the physical
barriers in our devices also impose a diffusion limit on nutrients and
other soluble factors, which will generate concentration gradients across
the radius of the tumor micropattern like those in real tumors. In this
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context, we can incorporate other factors in our assay (e.g., glucose and
glutamine availability), for example, by modulating the concentration of
glucose and other metabolic amino acids in our cell culture media (e.g.,
high vs. low concentration) and/or comparing them between pMeRe vs.
normoxia devices. Additionally, hypoxia-induced acidosis and its impact
on tumor responses to chemotherapies may be investigated by
employing bicarbonate-free cell culture media and measuring pH
changes in our devices. Furthermore, our pMeRe device can easily
incorporate other components of the TME, such as stromal cells (e.g.,
cancer-associated fibroblasts) and ECM (e.g., collagen), to enhance the
physiological relevance of the established TME. Notably,
cancer-associated fibroblasts can actively contribute to metabolic
rewiring by releasing lactate, which is then taken up by tumor cells to
generate NADH for ATP, ultimately fueling tumor growth [50]. The
modularity of our assay can be leveraged to further investigate how the
different components influence the rewiring behavior of cancer cells.

Current methods of characterizing cancer metabolism include
metabolomics, extracellular flux analysis, single-cell metabolic analysis,
and functional genomic screening [51]. These strategies each provide
unique insights into the metabolic status of tumor tissue. Notably,
extracellular flux analysis (e.g., Agilent Seahorse XF analyzer) is one of
the most common and simple methods for characterizing the bio-
energetic activity of live cells, including measuring the OCR and the
extracellular acidification rate (ECAR) of cultured cells. However, the
influence of the TME, including hypoxia, is often omitted in these
measurements. Alternatively, various cutting-edge techniques, such as
single-cell energetic metabolism by profiling translation inhibition
(SCENITH) and single-cell RNA-sequencing (scRNAseq), provide a
snapshot of tumor tissue metabolism at the single-cell resolution [52,
53]. However, the high cost and specialized equipment associated with
these techniques make them more suitable for the later stages of pre-
clinical studies. Furthermore, it is difficult to assess the influence of
hypoxia from the obtained "snapshots" since the hypoxia landscape of
the original TME is disrupted during sample preparation for flow
cytometry, which is conducted in well-oxygenated conditions. The
metabolic analyses in our pMeRe assay are performed without disrupt-
ing the established hypoxia landscape, providing a unique insight into
the interplay between hypoxia and metabolic rewiring that is not easily
obtained using existing methods. Our assay may integrate with
imaging-based mass spectrometry techniques, such as matrix-assisted
laser desorption/ionization-mass spectrometry imaging (MALDI-MSI),
to measure glycolytic and mitochondrial metabolites and visualize
metabolic rewiring behaviors in a spatially resolved manner.

Although all cancer cell lines used in the study established hypoxia in
the uMeRe device, we observed vast differences in the severity and the
radial profiles of their hypoxic landscapes, where LNCaP and SKOV3
cells established the most and the least hypoxic TME, respectively. As
the severity of hypoxia is determined by oxygen consumption in the
model, our results suggest a high level of heterogeneity in oxygen de-
mand between different cancer cells. This aspect is often omitted in
studies where hypoxia is “forced” onto cancer cells by a hypoxia incu-
bator under a predetermined oxygen level [25,54,55]. Furthermore,
studies have shown that cells orchestrate hypoxia-mediated adaptation
responses that vary depending on the duration of hypoxia (e.g., acute,
chronic, and cyclic) [56,57]. For instance, the protein levels of HIF-1a in
A549 lung cancer cells peaked at 4 h of exposure to severe hypoxia
(0.5% O3), but decreased with sustained hypoxia exposure [58].
Therefore, our assay may further resolve the heterogeneity of cancer
cells by extending the culture duration to observe differences in their
response to prolonged hypoxia.

Recreating metabolism-driven hypoxic TME allows for observing
cell-specific metabolic rewiring behaviors. Glut-1 expression was
measured to indicate metabolic changes toward glycolysis in the pMeRe
assay. Glut-1 mediates the influx of glucose for glycolysis and is upre-
gulated as a compensatory response when OXPHOS is disrupted [59,60].
We observed a general correlation between BioTracker hypoxia dye
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staining and Glut-1 expression in the pMeRe device, where more pro-
nounced hypoxia levels were associated with greater increases in Glut-1
expression. Notably, the PC3 prostate cancer cell line was an outlier as it
showed high BioTracker hypoxia dye fluorescence but did not alter
Glut-1 expression. Interestingly, a cancer-specific relationship between
hypoxia and Glut-1 upregulation has been reported in patient samples,
where a high correlation was observed in bladder and colorectal cancers
[61,62], while such correlation was weak or non-existent in cervical
cancers [63,64]. Among ovarian cancers, expression of HIF-la and
Glut-1 varies based on the tumor subtype, with serous adenocarcinomas
exhibiting higher levels of both markers than mucinous adenocarci-
nomas [65]. Furthermore, while media formulations can impact cell
metabolism [66], they are not likely the main contributor to the het-
erogeneity in the metabolic rewiring behavior of the cancer cells
observed in the assay. For instance, LNCaP and OAW42 cells were both
cultured in RPMI media; however, only the LNCaP cells showed an in-
crease in Glut-1 expression in the assay. Similarly, MCF7 and SKOV3
cells were both cultured in DMEM media, but an increase in Glut-1
expression was not observed for SKOV3 cells. Therefore, our results
suggest that the intrinsic capability of specific cancer cells to drive
hypoxia and undergo metabolic rewiring is the greater determinant of
their rewiring behaviors.

Our RNA-seq analysis identified 5 DEGs that were shared across all
the cell lines, including genes related to glycolysis and lipoprotein
metabolism (ALDOC, ANGPTL4, HK2), hypoxia (NDRG1), and apoptosis
(BNIP3). Patient data analyses indicated that these genes (except HK2)
were clinically significant, as their high expression levels were associ-
ated with poorer survival outcomes and strongly correlated with the
expression of 7 hypoxia genes in patient samples of ovarian, prostate,
lung, and breast cancer. Notably, the clinical significance of these five
genes has been reported by others in multiple cancer types originating
from different organs [67-71], with variations among different cancer
types. For instance, NDRGI overexpression is associated with poor
clinical outcomes in triple-negative breast cancer patients, while the
down-regulation of NDRG]1 is associated with poor clinical outcomes in
gastric cancer patients [70]. Similar observations were made for BNIP3
expression, where poor prognosis was associated with BNIP3 regulation
in patients with breast cancer and with BNIP3 downregulation in pa-
tients with low-grade glioma [71]. The HK2 expression was an outlier in
the pooled survival analysis as its expression level did not correlate with
patient outcomes. In agreement with our findings, it has been reported
that the association between HK2 expression levels and patient out-
comes is cancer-specific. In a pan-cancer analysis of 33 different tumor
types, including patient samples of ovarian, prostate, lung, and breast
cancer, researchers observed no significant correlation between HK2
gene expression and survival prognosis in 26 tumor types, while sig-
nificant positive and negative correlations were found in the other 1 and
6 tumor types, respectively [72]. Overall, this is the first study to
collectively identify these five genes as common indicators of
hypoxia-associated metabolic rewiring behavior.

Using a genetically encoded hypoxia biosensor, we assessed the
differences in HIF-1 signaling activity in cancer cells with distinct MeRe
scores (LNCaP and SKOV3). Distinct HIF responses were observed be-
tween the two cancer cell lines, including the different oxygen thresh-
olds that trigger their HIF-1 activity and the varying magnitudes of HIF
response at 1% O,. Furthermore, differential ROS levels were observed
between the two cancer cells under hypoxia. Studies have shown that
hypoxia-induced release of ROS by complex III in the mitochondrial ETC
serves as hypoxia signaling molecules that lead to the stabilization of
HIF-1a [73,74]. Alternatively, HIF stabilization can also occur through a
mitochondria-independent pathway by a direct inhibition of prolyl hy-
droxylase (PHD) [75,76]. Therefore, based on the differences in the
hypoxia-induced ROS production between the two cancer cells, LNCaP
cells may stabilize their HIF-1a through ROS signaling, while HIF sta-
bilization in SKOV3 cells may have occurred through PHD inhibition.
The distinct rewiring behaviors of LNCaP and SKOV3 cells may also be
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assessed using in vivo tumor models, by correlating the hypo-
xia/glycolysis marker expression of the in vivo tumors with the results
observed in our assay.

It is widely recognized that hypoxia can reduce the efficacy of
chemo-, radio-, and immunotherapies [13]. To overcome chemothera-
peutic resistance in hypoxic tumors, anti-hypoxic drugs that target
HIF-la and its downstream target (e.g., nitroglycerin), or
hypoxia-activated prodrugs (e.g., tirapazamine) have been developed.
Unfortunately, these therapies have shown limited success when
co-administered with cisplatin in clinical trials [77,78]. We observed
distinct hypoxia-induced ROS production behaviors between LNCaP and
SKOV3 cells, which represent cancer cells with distinct metabolic
rewiring behaviors (Fig. 5SH-L). Inspired by this, we demonstrated an
enhanced therapeutic efficacy of cisplatin with the combined treatment
of atovaquone (ATO), a mitochondrial inhibitor recognized to reduce
ROS production in hypoxic tumors. In patients treated with ATO,
expression of ROS-associated gene signatures was decreased, suggesting
that by alleviating hypoxia, ATO also helps mitigate hypoxia-induced
ROS generation [45]. Notably, this is different from the conventional
approach of utilizing ROS scavengers, which directly aims at neutral-
izing ROS regardless of the ROS-causing conditions (e.g., hypoxia). As a
comparison, we have evaluated the role of a ROS scavenger, N-ace-
tyl-L-cysteine (NAC), in the therapeutic response of LNCaP cells to
cisplatin (Fig. S4). Interestingly, NAC protected LNCaP cells against
cisplatin treatment in both the pMeRe and normoxia devices. These
results are in line with previous publications [79,80]. The contrasting
effects of reducing cellular ROS by ATO and NAC treatment highlight the
complexity of ROS signaling in chemotherapy resistance and emphasize
the importance of addressing the cause (i.e., hypoxia-mediated meta-
bolic rewiring) instead of the outcome (i.e. the elevated ROS) in cisplatin
resistance. Additional potential applications of our assay may include
preclinical assessment of metabolism-targeting therapeutic strategies
and characterizing personalized treatment options on patient biopsies.

Overall, our pMeRe assay provides a unique perspective for revealing
the inter- and intra-tumoral heterogeneity in metabolic rewiring and
therapeutic resistance in the context of hypoxic TME. It lays the foun-
dation for designing more effective personalized cancer medicine aim-
ing at metabolic rewiring in TME.

4. Materials and methods
4.1. Cell culture

The panel of cancer cells consists of 8 human cancer cell lines orig-
inating from 4 different organs. T47D, SKOV3, and MCF7 were pur-
chased from ATCC. LNCaP, PC3, PC9, and A549 cells were a generous
gift from the Lawrence J. Ellison Institute for Transformative Medicine
of University of Southern California. OAW42 cells were a generous gift
from Andrea Bild’s lab at City of Hope. All cell lines were maintained in
a humidified incubator at 37 °C with 5% CO5. OAW42, PC9, and LNCaP
cells were cultured in RPMI 1640 medium (Thermo Fisher, Waltham,
MA) supplemented with 10% fetal bovine serum (FBS; Sigma-Aldrich,
St. Louis, MO), 100 U mL™! penicillin and 100 pg mL~! streptomycin
(1% P/S, Thermo Fisher, Waltham, MA). SKOV3, A549, MCF7, T47D,
and PC3 cells were cultured in DMEM (Thermo Fisher, Waltham, MA)
supplemented with 10% FBS and 1% P/S.

4.2. Microdevice design and fabrication

Microdevices were designed and prepared as previously described
[27,81]. Briefly, the microdevice design featured a circular middle
chamber lined with the PC film (McMaster-Carr, Elmhurst, IL) at the top
and a glass substrate at the bottom (gap size of 120 pm). The middle
chamber was surrounded by two microfluidic channels (1 mm width x
800 pm). The master molds for the pMeRe and normoxia devices were
milled on a polycarbonate (PC) block and vapor-polished with
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methylene chloride in a chemical hood to facilitate PDMS molding and
plasma bonding of the replicated PDMS devices on the glass slides. The
PC mold of the pMeRe device was designed to account for the thickness
of the PC film, which was added later to achieve equal dimensions be-
tween pMeRe and normoxia devices.

Sylgard 184 (Dow, Inc., Midland, MI) PDMS was mixed at a ratio of
10:1 (base:curing agent) and cured over the milled surface. Cured PDMS
was peeled from the master mold, and the injection ports were punched
out. To fabricate pMeRe devices, circles 6 mm in diameter were cut out
of a 0.01-inch-thick PC film. The circular PC films were inked with a thin
layer of uncured PDMS mixture (10:1, base:curing agent) and attached
to the cell culture chamber of pMeRe device. The attached PC film was
fixed onto the PDMS base by baking overnight at 65 °C. All devices were
plasma-treated (model PDC-001-HP, Harrick Plasma, Ithaca, NY) for 60
s and bonded onto a clean glass slide for cell culture.

4.3. Microdevice cell culture

Microdevices were UV-sterilized prior to cell culture. A 0.01% poly-
d-lysine (PDL; Advanced BioMatrix, Carlsbad, CA) solution (w/v in
sterile deionized (DI) water) was injected into the middle chamber of the
sterilized microdevice and incubated for 30 min at room temperature.
The microdevices were then rinsed twice with sterile DI water and filled
with phosphate-buffered saline (PBS; VWR; Radnor, PA) until cell
seeding. Each cancer cell type was resuspended in culture medium and
injected into the middle chamber at an initial seeding density of 60,000
cells per microdevice. Cells were allowed to attach in a humidified
incubator at 37 °C and 5% COx-, for 2 h. After confirming cell attachment,
an additional culture medium was introduced through the side channels
of the microdevice for continued incubation.

4.4. Exogeneous and endogenous hypoxia marker

After 20 h of culture, microdevices were gently flushed with sterile
PBS through the side channels. The side channels were then aspirated
and injected with BioTracker 520 Green Hypoxia Dye (Sigma-Aldrich,
St. Louis, MO), a hypoxia-selective fluorescent probe, at 5 pM in cell
culture medium, and incubated at 37 °C and 5% CO; for 1 h. Subse-
quently, the staining solution was removed, and microdevices were
gently flushed with sterile PBS before introducing fresh culture medium.
After 3 h of additional incubation, microdevices were imaged at 10 x
magnification using a Nikon Ti-E inverted fluorescence microscope.

The same samples were subsequently used for glucose transporter 1
(Glut-1) immunostaining and 4',6-diamidino-2-phenylindole (DAPI)
nuclear counterstain. Rabbit monoclonal anti-glucose transporter 1
(ab115730, 1:200) (Abcam, Cambridge, MA) as the primary antibody
and Alexa Fluor 647-conjugated donkey anti-rabbit antibody (1:500)
(Invitrogen, Waltham, MA) as the secondary antibody were used for
immunostaining. Microdevices were disassembled for immunostaining.
Samples were fixed in 4% paraformaldehyde (PFA; Electron Microscopy
Sciences, Hatfield, PA) for 15 min, permeabilized in 0.1% Triton X-100
(Thermo Fisher, Waltham, MA) for 15 min, and blocked with 4% bovine
serum albumin (BSA; HyClone, Logan, UT) for 1 h. Samples were then
incubated in primary antibody for 1 h, rinsed three times in PBS, and
incubated with secondary antibody for 1 h at room temperature.
Immunostained samples were mounted with FluoroGel II containing
DAPI (Electron Microscopy Sciences, Hatfield, PA). Images were ac-
quired at 10 x magnification on a Nikon Ti-E inverted fluorescent
microscope.

4.5. RNA extraction and RT-qPCR

All cancer types were cultured in the microdevice (normoxia and
uMeRe) for 24 h before device disassembly and RNA extraction. RNA
was extracted using the RNeasy Plus Micro Kit (Qiagen, Germantown,
MD) following the manufacturer’s instructions. The concentration and
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purity of the isolated RNA were determined by absorbance on a Nano-
Drop One Spectrophotometer & Qubit (Thermo Fisher, Waltham, MA).
For real-time quantitative PCRs, RNA samples were reverse transcribed
into cDNA with SuperScript IV VILO Master Mix (Thermo Fisher, Wal-
tham, MA) on a T100 Thermal Cycler (Bio-Rad, Hercules, CA). The
cDNA was amplified with TagMan Universal Master Mix II (Thermo
Fisher, Waltham, MA) on a CFX384 Touch Real-Time PCR Detection
System (Bio-Rad, Hercules, CA) to assess the expression of selected
metabolism-related gene candidates. Data were normalized against
housekeeping genes (f-actin, GAPDH, and 18S rRNA) and internal
sample control (AACt method). The AACt values were plotted in logs
scale to assess gene expression changes.

4.6. Metabolic rewiring (MeRe) scoring

An aggregated metric, metabolic rewiring (MeRe) score, was estab-
lished using the data obtained from fluorescence images (BioTracker
520 Green Hypoxia Dye and Glut-1 expression) and RT-qPCR (13 genes
related to glycolysis, oxidative phosphorylation (OXPHOS), and mito-
chondrial electron transport chain (ETC)).

The fluorescence images were scored based on the following pa-
rameters: 1) the fold difference of fluorescence intensity at the center of
the pMeRe device versus normoxia device, and 2) the radial distance
from the center of the pMeRe (i.e., highest fluorescence intensity) to the
point where the fluorescence intensity falls below 30% of the highest
fluorescence intensity (i.e., cutoff distance). The fluorescence signal
cutoff (i.e., 70% of the highest fluorescence) was selected to describe the
region within the micropattern with high fluorescence intensity. The
fold change of fluorescence intensity between cells cultured in pMeRe
versus normoxia device was scored based on the magnitude of change as
0 (<1.5-fold increase), 1 (between 1.5- and 2- fold increase), or 2 (>2-
fold increase). The cutoff distance of fluorescence intensity within the
pMeRe was scored as 0 (<1500 pm, which is < 1 of the microdevice
radius), 1 (between 1500 pm and 2250 pm, which is between § and 3 of
the microdevice radius), or 2 (>2250 pm, which is > % of the micro-
device radius).

The changes in the expression of each gene were converted to a gene
expression score E; as —2 (down-regulation with [loga(fold change)| >
1), —1 (down-regulation with |logy(fold change)| between 0.5 and 1),
0 (Jlogz(fold change)| between 0 and 0.5), 1 (up-regulation with |
loga(fold change)| between 0.5 and 1), or 2 (up-regulation with |loga(-
fold change)| > 1). On the basis of the expected hypoxia-induced
metabolic rewiring from OXPHOS to glycolysis, each gene was also
assigned with a weight score W; of —1 (genes related to OXPHOS or
mitochondrial ETC) or 1 (genes related to glycolysis). Multiplying the
direction of expression change (E;) with its weight (W;) indicates the
metabolic shift from OXPHOS to glycolysis of the specific cancer type.
The sum total MeRe score (fluorescence images and gene expression)
describes the comprehensive magnitude of metabolic rewiring for each
cancer cell line.

4.7. RNA sequencing and analysis

RNA sample quality control (QC), library preparation/QC, and
sequencing were performed by Novogene (Novogene Corporation Inc,
Sacramento, CA). Quality of the RNA was assessed using Agilent 2100
Bioanalyzer (Agilent Technologies, Santa Clara, CA). Only the RNA
samples that passed the QC were used. Messenger RNA was purified
from total RNA using poly-T oligo-attached magnetic beads. After
fragmentation, the first strand cDNA was synthesized using random
hexamer primers, followed by the second strand cDNA synthesis. The
library was ready after end repair, A-tailing, adapter ligation, size se-
lection, amplification, and purification. Libraries were constructed with
the NEBNExt Ultra II library kit (New England BioLabs Inc, Ipswich,
MA). The library was checked with Qubit and real-time PCR for
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quantification and bioanalyzer for size distribution detection.
Sequencing was run on the Illumina NovaSeq 6000 S4 platform using
NovaSeq PE150 strategy (pair-end 150 bp read length, 20 million reads
per sample).

The following pipeline was built on Partek Flow Genomic Analysis
software (Partek Inc, St. Louis, MO) for the analyses: (i) pre-alignment
QA/QC, (ii) trim bases from both ends base on minimum quality level
(Phred) of 20 and a minimum read length of 25, (iii) alignment of
mRNA-seq reads to the hg38 human genome using STAR, (iv) post-
alignment QA/QC, (v) quantification to annotation model (Partek E/
M), (vi) noise reduction filter to exclude features where the maximum
<20, (vii) upper-quartile normalization after adding 1.0, (viii) principal
component analysis (PCA), (ix) differential analysis using gene specific
analysis (GSA), and (x) hierarchical clustering heatmap. For the differ-
ential analysis, the transcriptome of each cancer type in the pMeRe
device was compared to its normoxia microdevice cultured counterpart,
and the differentially expressed genes (DEGs) were identified and
filtered to include only the genes with |loga(fold change)| > 2.0 and FDR
cutoff = 0.05. The filtered DEGs were utilized for the pathway enrich-
ment analysis. Based on the filtered gene set, enriched biological path-
ways were identified for each cancer type, and enrichment scores were
obtained for pathways of interest. A correlation between the obtained
enrichment scores and the MeRe scores was performed to evaluate the
relevance of the MeRe scores.

The filtered DEGs of the cancer panel were also exported from Partek
Flow and organized using R to visualize the shared and distinct DEGs
across the different cancer cell lines (UpSet Plot [29]).

The normalized data from Partek Flow were uploaded to Qiagen
Ingenuity Pathway Analysis (IPA) software to identify canonical path-
ways via comparison analysis. Comparative gene expression analysis
was performed on the uploaded data for each cancer type. The following
cutoff was set for the gene expression analysis: |loga(fold change)| > 1.5
and FDR cutoff = 0.05. This cutoff ensured that there was an adequate
number of observations to identify the distinct expression profile in each
cancer type, while avoiding excessive restrictions. Comparison analysis
was performed across the expression analyses to identify the canonical
pathways and the associated Z-score and —logio(P value).

4.8. Patient data analysis

Patient data analysis was performed using the TCGA dataset. For
survival analysis, the patient cohorts were divided into 25% quartiles
according to expression level of the genes of interest. The hazard ratio
(HR) and P value were calculated based on Cox Proportional-Hazards
(PH) Model. Pairwise Pearson correlation was used to estimate the
relative expression levels of the 5-gene signature in hypoxia or normoxia
tumors as distinguished by the expression level of the 7-gene hypoxia
signature according to the literature [32-34]. Both Kaplan-Meier sur-
vival curves and Pearson correlation plots were directly retrieved from
Gene Expression Profiling Interactive Analysis portal [82] without
further processing.

4.9. Cell culture in an oxygen-controlled incubator

Heracell VIOS 160i Tri-gas CO, incubator (ThermoFisher, Waltham,
MA) was used to generate culture conditions at specific oxygen levels. Oy
concentration in the incubator was established by continuously injecting
N gas until the target oxygen level was reached. The set oxygen level
was allowed to stabilize overnight before cell culture. Microdevices
without oxygen barriers (i.e., oxygen-permeable “normoxia” micro-
devices) were utilized in all experiments involving the hypoxia incu-
bator. Initially, cancer cells were seeded in the normoxia device and
were allowed to attach in a standard incubator at 37 °C, atmospheric O,
level (21%), and 5% COg for 2 h. After confirming cell attachment,
microdevices were transferred to the hypoxia incubator for continued
culture. Cells cultured at atmospheric Oy level (21%) remained in the
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standard incubator. CO5 levels were maintained at 5% for all culture
conditions.

4.10. Genetically encoded hypoxia sensors

Gene templates of the hypoxia reporter were constructed using po-
lymerase chain reaction (PCR) amplification of the complementary DNA
of a 5 repeat Hypoxia Response Elements (HRE) connected 5’ to a
minimal CMV promoter, UnaG, and PEST [24]. PCR was performed
using synthesized primers (Integrated DNA Technologies) and Q5 DNA
polymerase (NEB, M0491). The amplified gene elements were cloned
into the modified pHR lentiviral transfer vector (pHR-PGK-mCherry), a
gift from Wendell Lim (Addgene plasmid # 79124) digested using EcoRI,
using Gibson Assembly (NEB, E2611L). A truncated CD19 (tCD19)
fragment was also obtained to replace the mCherry component as a
constitutive marker when needed. The constructed plasmid sequences
were verified by Sanger sequencing (Genewiz).

SKOV3 and LNCaP cells were equipped with the hypoxia reporter
through lentiviral transduction. Lentiviruses were produced from Lenti-
X 293T cells (Clontech Laboratories, #632180) co-transfected with a
PHR containing hypoxia reporter and the viral packaging plasmids
pMD2.G and psPAX2 using the ProFection Mammalian Transfection
System (Promega, Cat. No. E1200). Viral medium/supernatant was
collected 48 h after transfection, filtered with 0.45 pm filter (Sigma-
Millipore), and concentrated using PEG-it virus precipitation solution
(System Biosciences, Cat. # LV825A-1). The virus titer was measured by
flow cytometry. To generate the reporter-expressing cells, the concen-
trated virus was added with MOI of 1 into the cells, which were seeded
with a density of 1 x 10° cells in a 6-well plate a day before transduction.

Cells containing hypoxia reporter were sorted by fluorescence-
activated cell sorting (FACS; SONY SH800), three days post-
transduction based on their constitutive marker (tCD19). tCD19 stain-
ing for flow cytometry was performed using Alexa Fluor® 647 anti-
human CD19 Antibody (Clone: SJ25C1) according to the manufac-
turer’s protocols (BioLegend 302220). Briefly, cells were washed and
resuspended in PBS containing antibodies, incubated in the dark at room
temperature, and washed three times before flow cytometry analysis
and FACS. Gating was based on non-engineered cells with the same
staining. Flow cytometry data were analyzed using FlowJo software
(FlowJo).

4.11. Hypoxia-induced changes in mitochondrial reactive oxygen species

Cancer cells were seeded and cultured in the specified microdevice/
oxygen conditions for 24 h before staining. Microdevices were gently
flushed with sterile PBS and loaded with 10 pM CM-H;DCFDA (Thermo
Fisher, Waltham, MA) in sterile PBS to measure reactive oxygen species
production. After 30 min of incubation, the staining solution was
removed from the microdevices and filled with a culture medium before
imaging. A working solution of CM-H,DCFDA was prepared following
the manufacturer’s instructions.

4.12. Response to mitochondrial inhibition

After 12 h of culturing the cancer cells in the microdevice, the cell
culture medium in the microdevice was replaced with either a medium
containing 40 pM atovaquone (ATO) or a medium containing an equal
volume of solvent (i.e., DMSO) before being incubated for another 12 h.
The microdevices were stained for imaging (BioTracker hypoxia dye
followed by Glut-1) or disassembled for RNA extraction. RT-qQPCR was
performed on the extracted RNA (using the same 13 genes related to
glycolysis, OXPHOS, and mitochondrial ETC) to observe gene expression
changes with and without ATO treatment.
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4.13. Evaluation of therapy response (cisplatin and atovaquone)

For combination therapy with mitochondrial inhibition and
cisplatin, three treatment conditions were evaluated using the micro-
devices: control (DMSO and water), 500 pM cisplatin, and pre-
administration of 40 uM atovaquone followed by a combined treat-
ment of 40 pM atovaquone and 500 pM cisplatin. To measure the
therapy response, all devices were disassembled and stained with 1 pM
calcein-AM and 1 pM propidium iodide for 30 min at room temperature
before imaging.

4.14. Image analysis

Images were processed and quantified with ImageJ software (NIH,
Bethesda, MD), and the obtained data were plotted using Prism 10
(GraphPad Software, Inc., San Diego, CA). The fluorescence intensity of
the staining was binned radially in concentric circles from the center of
the cancer micropattern.

For the analysis of BioTracker hypoxia dye, fluorescence fold change
was obtained by dividing the fluorescence intensity obtained from the
center of the pMeRe micropattern by the fluorescence intensity obtained
from the center of normoxia micropattern counterpart. For the analysis
of Glut-1, the fluorescence intensity was first normalized by dividing the
total fluorescence intensity by the number of cells counted in each
spatial region. Cutoff distance (i.e., distance from the center to the point
where the fluorescence intensity falls to 70% of the fluorescence
observed at the center) for both BioTracker hypoxia dye and Glut-1
staining was obtained by interpolating a nonlinear curve fit, generated
using Boltzmann sigmoidal equation. This curve was generated based on
the fluorescence intensity observed along the radius of the pMeRe
micropattern.

For the analysis of UnaG and CM-H2DCFDA, the change in fluores-
cence intensity between the cancer cells cultured in the pMeRe device
vs. normoxia microdevice and 1% O4 vs. 21% O, incubator was obtained
by subtracting the fluorescence intensity obtained from the center of the
cancer micropattern in each culture condition. The oxygen-threshold
level, defined as the point where the UnaG fluorescence intensity rea-
ches 50% of the maximum measured fluorescence, was determined by
interpolating a nonlinear curve fit using the Boltzmann sigmoidal
equation. This curve was constructed based on the measured UnaG
fluorescence intensity at each oxygen concentration.

For the cancer therapy evaluation, the areal density of living cells
(positive calcein signal) was used to indicate cancer cell survival, as
many of the dead cells were washed away during the live/dead staining.
For the live areal density, the areal density of the treated cancer
micropattern was divided by the areal density of the untreated/control
cancer micropattern.

4.15. Statistical analysis

All statistical analyses were performed using Prism 10 (GraphPad
Software, Inc., San Diego, CA). All data were presented in mean +
standard deviation (SD), as stated in the figure legends. For pairwise
comparisons, Student’s t-test was used. For the analysis of UnaG fluo-
rescence intensities of LNCaP and SKOV3 cells under various oxygen
levels, significance was assessed by two-way analysis of variance
(ANOVA) followed by Sidék’s multiple comparisons test. The figure
highlights the comparison of mean fluorescence intensities between the
two cell lines at each oxygen level. For the analysis of viability of LNCaP
and SKOV3 cells under various cisplatin treatment conditions, signifi-
cance was assessed by two-way ANOVA followed by Siddk’s multiple
comparisons test. The figure highlights the comparison of mean live
areal density between cisplatin—pMeRe and ATO & cisplatin—iMeRe
treatment conditions at each radial distance. Correlation analyses were
conducted using Pearson r, and P values were tested with zero-slope
hypothesis. For all data, P values were indicated as numbers or as n.s.
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(not significant, P > 0.05) on the plots. For all analyses, P < 0.05 was
considered significant.
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