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ABSTRACT

Cellular heterogeneity in tumors challenges development of effective cancer treatments. Functional
profiling methods are often destructive and lack the sensitivity to capture cell-level functional dynamics.
The ability to accurately monitor the complex composition and structure of the tumor microenvironment
(TME) could provide a fundamental understanding of tumor adaptation and drug resistance. Thus,
technologies for single-cell functional assessment are needed to investigate the heterogeneous TME. In this
dissertation, metabolic autofluorescence imaging and analyses were developed to identify and investigate
sources of TME heterogeneity. Metabolic autofluorescence imaging exploits the endogenous fluorescence
of metabolic coenzymes, NAD(P)H and FAD, to observe variations in cell metabolism and function.
Fluorescence lifetimes and intensities of NAD(P)H and FAD provide quantitative measurements of
heterogeneous metabolic pathway activity and intracellular protein binding. This work demonstrates two-
photon metabolic autofluorescence imaging to evaluate spatiotemporal metabolic heterogeneity within in
vitro and in vivo TME models. First, metabolic autofluorescence imaging was developed and validated to
assess metabolic heterogeneity in in vitro, microscale TME models. Metabolic autofluorescence resolved
heterogeneous metabolic changes during macrophage polarization and migration in response to microscale
tumor co-culture, modelling dynamic sources of TME heterogeneity. This established metabolic
autofluorescence imaging as a unigue, non-invasive approach to quantify spatiotemporal heterogeneity in
the TME. Improved analytical tools were also generated to characterize this dynamic heterogeneity.
Statistical frameworks for quantifying spatial patterns in metabolic autofluorescence measurements across
in vitro and in vivo TME models were designed and used to assess treatment- and model-specific trends in
cell-level spatial organization and metabolic activity. This analysis enabled novel quantitative assessment
of spatial metabolic dynamics in the TME. Finally, multivariate classification models of metabolic
autofluorescence were created to detect tumor cells in states of quiescence, apoptosis, and proliferation to
further define tumor cell metabolic heterogeneity. Overall, this dissertation establishes metabolic
autofluorescence imaging as robust, label-free method to monitor heterogenous cellular metabolism in the

TME.
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CHAPTER 1
INTRODUCTION
1.1. Motivation

Tumor progression is largely affected by the complex tumor microenvironment (TME), suggesting
that targeting the TME may be a promising approach for advancing cancer therapy!. However, cellular
heterogeneity within the TME presents a challenge for effective anti-tumor treatment response
Specifically, function, distribution and interaction between tumor, immune, and stromal cell populations
within the TME can affect tumor-regulatory functions and drug sensitivity?. Furthermore, complex
microenvironmental conditions (e.g., gradients of hypoxia, acidosis) can increase the diversity of cell
phenotypes, but this remains poorly characterized®*. Standard functional assays (e.g., flow cytometry,
ELISA) are limited in their ability to resolve and effectively assess heterogeneous cell populations®®.
Single-cell genomic and proteomic technologies have been developed to improve sensitivity to cell
heterogeneity®>”8. However, these methods cannot evaluate spatial and temporal effects due to destructive
sample processing and labelling®®. Therefore, non-destructive, single-cell imaging and analysis tools are

needed to study heterogeneous behavior within the TME.

Metabolic autofluorescence imaging is a powerful method for monitoring heterogeneous
interactions within the TME at the single-cell level. This modality enables non-invasive, dynamic imaging
of intact, living samples by measuring intrinsic fluorescence from the metabolic co-enzymes NAD(P)H and
FAD®. Cellular level redox balance is evaluated with the optical redox ratio, defined as the ratio of
NAD(P)H to FAD intensity®*!. Additionally, NAD(P)H and FAD fluorescence lifetimes report on
metabolic enzyme-binding activities!?!3. Overall, metabolic autofluorescence imaging may provide a

versatile, label-free tool for assessing metabolic heterogeneity within the TME.

Spatial and temporal dynamics of cellular activity vary greatly in response to the active TME,
contributing to substantial intratumor heterogeneity'*>. Metabolic autofluorescence imaging can be

translated to assess cellular metabolism in 2D and 3D in vitro tumor models and in vivo mouse tumors,



providing a more accurate visualization of tumor complexity®-2*. Multi-photon fluorescence excitation is
utilized in metabolic autofluorescence imaging to enable cellular-resolution imaging in thick, scattering
samples (< 1mm)?2, This circumvents sample dissociation required for most biological assays and allows
imaging of conserved local environmental conditions and spatial context of tumor tissue. Thus, metabolic
autofluorescence imaging can identify depth-dependent effects on metabolic heterogeneity and visualize
changes in TME structure that could alter behavior of the local cellular environment. Additionally, cellular
plasticity has been largely attributed to prolonged and variable stimulation by the TME?*%, However,
destructive sample preparation, high toxicity, and short half-life of exogenous labels limit longitudinal
analysis of the TME®®. Metabolic autofluorescence imaging can non-destructively monitor metabolic
changes over time in live, intact samplest®192127.28 This has been previously demonstrated for capturing
altered cell metabolism across 3D models (e.g., organoids, microfluidic platforms) after sustained exposure
to various stimuli (e.g., drug, cytokine treatment)®1°212°  Qverall, metabolic autofluorescence imaging
uniquely captures spatiotemporal information about single-cell function, offering advantages over standard
biological techniques.

Novel analytical tools for autofluorescence images can further identify multiple cell sub-
populations within intact, heterogeneous samples’3%-32, Quantitative analyses of spatiotemporal cellular
heterogeneity can inform on dynamic cellular function and organization in biological samples®*-,
Adapting these techniques for assessing metabolic autofluorescence in live tumor models may reveal unique
patterns in phenotype and metabolism of tumor-infiltrating populations across the TME. Ultimately,
development of metabolic autofluorescence imaging and analysis may be significant for enabling non-
destructive characterization of cell-level spatial and temporal dynamics in response to the TME.

The goal of this dissertation is to develop and validate metabolic autofluorescence imaging and
analysis tools for label-free monitoring of heterogeneous cellular activity in the 3D TME. These tools can
resolve heterogeneous cell populations and investigate cell-level functional dynamics to discover key

relationships between the TME landscape and tumor progression.



1.2 Dissertation outline
The works of this dissertation are presented as follows:

Chapter 1 provides the study motivation for the research highlighted in this dissertation.

Chapter 2 discusses the significance of TME heterogeneity in the development of treatment
resistance and highlights key factors contributing to this heterogeneity®. Standard biological assays and
imaging techniques for assessing heterogeneity are described, followed by limitations in their application
across TME models. The concept of metabolism as a biomarker of cellular heterogeneity is introduced, plus
metabolic autofluorescence imaging and analyses as technologies to quantify these metabolic

biomarkers®6-3.

Chapter 3 presents metabolic autofluorescence imaging as a tool for measuring spatial and temporal
dynamics of macrophage heterogeneity in 2D culture and 3D microfluidic tumor co-cultures. Sensitivity of
NAD(P)H and FAD autofluorescence to temporal macrophage heterogeneity was assessed by measuring
metabolic changes in 2D cytokine-stimulated macrophages during time-courses of macrophage
polarization. Combination of autofluorescence imaging and 3D microscale tumor co-cultures are
demonstrated for monitoring spatiotemporal dynamics of metabolic heterogeneity during tumor-mediated
macrophage polarization and migration. This study was submitted for preprint at biorxiv and is currently

under review at Cancer Research®,

Chapter 4 details the creation of an analytical tool to quantify spatial heterogeneity of cell
metabolism within in vitro and in vivo models of TME. The goal of this study was to characterize the
spatial distribution of tumor cells with distinct cell metabolism using multivariate spatial statistical tools.
Autofluorescence images of tumors in vivo and in 3D culture revealed spatial patterns of cell metabolism
specific to drug response and resistance. This quantitative analysis framework provides a unique platform
to assess the spatial effects of cell-level heterogeneity in tumor progression and treatment response. This

work was published in Frontiers in Oncology (2019)*.



Chapter 5 describes development of a classification model to identify heterogeneity in tumor cell-
cycle status based on autofluorescence imaging of NAD(P)H and FAD fluorescence intensities and
lifetimes. A multivariate model based on autofluorescence measurements was developed to classify tumor
cells as quiescent, proliferative, or apoptotic with high accuracy. These tools contribute to the application
of metabolic autofluorescence imaging to examine the role of heterogeneous tumor cell function in cancer

drug development and treatment planning. This study was published in Journal of Biophotonics (2018)*.

Chapter 6 summarizes the innovation and significant contributions of the dissertation research and

provides outlooks on further development and application of the technologies presented.
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CHAPTER 2

BACKGROUND

2.1 Tumor Heterogeneity in Treatment Response

Tumor heterogeneity contributes to poor cellular response to standard cancer therapies. Sub-
populations of malignant and non-malignant cells comprise the bulk tumor mass, and each cell type
exhibits unique function. Large proportions of tumor cells typically respond to treatment and are eliminated
upon administration of first line therapy (Figure 2.1)*2. However, select tumor sub-populations can evade
treatment through functional adaptations that prevent therapy-induced cell death and redirect non-
malignant populations to further promote evasive behavior (Figure 2.1). The residual cells can then
repopulate the tumor site, generating a new mass abundant in drug-resistant cells (Figure 2.1)3. Subsequent
treatment regimens become ineffective and allow survival and spread of the tumor. Though this
relationship between tumor heterogeneity and treatment resistance has been identified, molecular
mechanisms regulating heterogeneity within tumors and their microenvironment are poorly understood,

limiting approaches to improve treatment response.
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Figure 2.1: Heterogeneity in the TME can cause resistance to successive therapy, tumor
recurrence, and spread. The TME is comprised of several heterogeneous cell populations with
variable response to treatment. Treatment decisions are made from biopsies that only capture a portion
of the heterogeneity, thus only a fraction of tumor cells will respond to treatment. Residual cell
populations will continue to proliferate and produce local and/or distant recurrence that are resistant to
subsequent treatment. Reprinted with permission under CC BY-4.0 from?®.

2.2 Sources of Heterogeneity in the Tumor Microenvironment
The TME is a complex ecosystem made up of several heterogeneous components, including
tumor, immune cells, stroma, extracellular matrix (ECM), vasculature. These heterogeneous populations
and their effects on the local tissue environment (e.g., gradients of oxygen, nutrients) can confer tumor
treatment resistance. Thus, characterizing sources of heterogeneity has become essential to resolving
mechanisms of drug resistance. Several factors contributing to tumor heterogeneity have been
established, but their collective role in governing tumor behavior is unclear (Figure 2.2)*. For example,
genetic mutations influence development of tumor sub-populations with unique function from the bulk
tumor and alters cellular sensitivity to cancer treatments®®, Tumor cells also regulate biochemical activity
to modulate cell function and drug sensitivity and enhance heterogeneity (e.g., tumor aggression,
invasiveness, cell-cycle state)’. Functional differences between tumor cell populations (e.g., cell
signaling, metabolic programs and secretory profiles) alter treatment efficacy by redirecting function of
neighboring cells within the tumor and TME®®. Additionally, several unique cellular components (e.g.,
immune cells, stroma, vasculature) are present in the microenvironment and compound overall tumor
heterogeneity>!°. The capacity for both malignant and non-malignant cell populations to reorganize
according to environmental stimuli contributes to unique spatial structure and cell-cell interactions,
yielding yet another source of heterogeneity'**3, Characterization of these diverse sources of tumor
heterogeneity is necessary for understanding development of resistant populations and discovering novel

targets of drug resistance mechanisms.



2.2.1 Tumor cell heterogeneity

Diverse tumor cell populations can arise within a single tumor due to several intrinsic biological
changes. Genetic variation within tumor cell populations has been widely proposed to govern tumor
heterogeneity *41°. Often, several clonal populations can be identified within a single tumor, each displaying
unique phenotypic and functional behavior determined by the genetic profile®!®. This is compounded by
improper gene synthesis and expression®®. Deficient DNA damage repair and mitotic structure assembly
mechanisms can lead to greater mutation of tumor cells!"!8, Additionally, cell mutation rate is positively
correlated with rate of cell division, suggesting that cell-cycle regulation may contribute to tumor genetic
heterogeneity>!%2, Ultimately, evaluating gene-regulated processes may provide fundamental insight into

dynamics of tumor heterogeneity.
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Figure 2.2: Intra- and extra-cellular factors driving heterogeneity within the TME. Various
sources of TME heterogeneity are highlighted, ranging from intracellular changes in genetic and
epigenetic modifications to extracellular cues (e.g., nutrient supply, tumor-immune/stromal crosstalk).
Reprinted with permission under CC BY-4.0 from*,
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Epigenetic alterations have also been largely implicated in increasing tumor heterogeneity.
Addition of functional groups (e.g., methyl, acetyl groups) directly to DNA or transcriptional machinery
can regulate gene activity without changing coding sequences?. This contributes to genetic diversity across
cell populations by selectively preventing transcription and expression of target genes??. Epigenetic
modification enzymes are frequently mutated in cancer, often leading to dysregulation of tumor suppressor
genes and hyperactivity of oncogenes?. Additionally, cell-cycle regulation plays a significant role in
promoting increased intra-tumor heterogeneity. Cell-cycle mechanisms are inherently designed to support
cell division for normal biogenesis, repair cell damage, and sustain cell viability during environmental stress
(e.g., nutrient deprivation)?*?°, In response to fluctuating environmental conditions, intracellular signals can
induce withdrawal from the cell-cycle into quiescence, identified as a reversible lapse in cell division in
which cell viability is maintained?*. Tumor cell populations exploit this cell-cycle transition into quiescence
to become less transcriptionally active, confer resistance to proliferation-targeted drugs, and increase
genetic diversity through unique genetic profiles compared to proliferative tumor cells?®-?, Therefore,
sources of intracellular tumor heterogeneity, such as genetic regulation and cell-cycle status, should be
more thoroughly explored.

2.2.2 Microenvironment heterogeneity

The tumor and TME are characterized by various cell types and structural compartments that
contribute to tumor complexity (Figure 2.3). Infiltration and organization of immune cells, fibroblasts,
vasculature, and extracellular matrix are uniquely associated with different tumor types and stages of tumor
progression®. Additionally, TME composition may fluctuate with effective therapeutic response, reflecting
susceptibility to treatment®.. This will change both the tumor architecture and local microenvironmental
conditions (e.g., nutrients, oxygen supply), as malignant cells and adjacent non-malignant cells compete
for the variable resource supply®. Thus, further characterization of heterogeneity within the TME may

provide unique insight into intratumoral processes driving tumor advancement and aggressiveness.
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The immune system is a significant source of heterogeneity in the TME and influences cancer
progression and efficacy of cancer therapies®3, Immune cell populations infiltrating into the tumor and
microenvironment encompass macrophages, T cells, natural killer cells, dendritic cells, and B cells®.
Alone, the diversity of immune cell populations introduces substantial heterogeneity to the tumor via
distinct responses to tumor signaling that stimulate changes in cell function and recruit additional immune
cells®~35, However, these immune cells also adopt multiple functional phenotypes that alter their
interaction with tumor cells®’. Selective pressures within the TME (e.g., nutrient deprivation, hypoxia) can
further regulate the tendency for immune cells to enhance or suppress tumor-directed immune responses.
This acquired response upon tumor cell recognition can be harnessed to provide novel therapeutic targets
and increase overall treatment efficacy®. However, there is poor understanding of mechanisms driving
these tumor-immune cell interactions, highlighting the need for better evaluation of immune cell

heterogeneity.

Macrophages are one of the most abundant and heterogeneous immune populations infiltrating
tumors, especially in specific cancer types (e.g., breast, pancreatic cancer)®%*®, This prominence
highlight importance of macrophages in tumor immunogenicity, in addition to their extensive tumor-
regulatory functions 34, This prevalence of macrophage diversity provides a reliable model of immune
cell heterogeneity but is limited by poor understanding of their plasticity. A subset of macrophage classes
(i.e., M1-like and M2-like) have been established and associated with distinct functional characteristics
that can locally affect the TME**, M1-like macrophages promote anti-tumor responses by initiating
adaptive immune responses, inducing apoptosis and phagocytosis, and competing for nutrients in TME.
M2-like macrophages reinforce tumor progression by promoting immune evasion and providing access
supplementary nutrients to increase proliferation and metastatic behavior*34647, However, this M1-M2
dichotomy model is contradicted by detection of intermediate macrophage states within tumor infiltrates,

likely a result of varied exposure to tumor-associated stimulatory factors*®4®., Thus, macrophage
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heterogeneity illustrates the challenge for accurately relating immune cell function to cancer progression,

highlighting the need for further observation and characterization.

Furthermore, spatial heterogeneity within tumors has been associated with reduced treatment
efficacy and patient tumor relapse®. Changes in cellular distribution and extracellular matrix structure of
specific tumor regions can regulate interactions across tumor compartments and generate environmental
gradients®. This behavior essentially results in a feedback loop, where both malignant and non-malignant
cells functionally adapt to the local environmental pressures and further alter TME conditions®2. Spatial
variations often exist between multiple tumor cell populations where cell phenotypes vary with resource
availability, and these phenotypically-distinct populations distribute in specific patterns across the
tumort-%355, This can affect tumor progression and treatment response by preferentially increasing tumor
dormancy localized to nutrient-deprived areas, supporting long-term survival of the tumor upon
reactivation'**®. Tumor cell spatial distribution may also contribute to survival by directing organization
of cell populations based on dispersion of administered drugs within TME®". Colocalization of tumor cells
with immune/stromal components has also been strongly linked to cancer severity*t. Tumor cells will often
outcompete adjacent immune cells for nutrients and suppress the anti-tumor immune response, or use
stromal cell secretions as an alternative nutrient source for survival®®. Overall, exploring the spatial context

of the TME may be pivotal in understanding dynamics of tumor development and treatment evasion.
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Figure 2.3: Cellular heterogeneity and environment gradients observed in the TME. The diverse

landscape of the TME encompasses several immune cell (e.g., macrophages, lymphocytes) and stromal

cell (e.g., fibroblasts) populations, as well as structural components such as the ECM and vascular

network. Intercellular interactions can cause phenotypic and functional shifts within populations, further

driving cellular heterogeneity. Variations in local environmental conditions (e.g., nutrient access, pH,

waste accumulation) also affect cell behavior and amplify TME heterogeneity as a whole. Reprinted

with permission under CC BY-4.0 from%.

2.3 Standard Approaches for Assessing Tumor Microenvironment Heterogeneity

Unresolved links between TME heterogeneity and cancer drug resistance have provoked the

development of various methods for characterizing heterogeneous cell populations across the TME. Flow
cytometry is the current standard for characterizing heterogeneous samples which uses exogenous labelling

with fluorescent antibodies or dyes to allow ex vivo analysis and sorting of pure cell populations®. This

technique informs on cell phenotype based on intracellular or cell surface protein expression but provides
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limited measures of function, so functional studies are often performed on cell populations post-sorting®¢Z,
Exogenous labels can affect cell physiology, impacting the functional analysis of sorted cell populations®*
&, Additionally, sample processing for flow cytometry prevents preservation of the natural structure of the
TME and requires prior knowledge of TME composition to determine appropriate labels for identifying
each population®®®, Alternatively, biochemical assays, such as enzyme-linked immunosorbent assays
(ELISASs), mass cytometry, and protein microarrays, can provide high-throughput assessment of intra- and
extra-cellular protein production corresponding to specific cell behaviors®%-68  However, these
techniques exhibit sensitivity primarily to the bulk population activity and have limited resolution of
function from heterogeneous sub-populations present within a sample®®®67, These assays have been
adapted for single-cell analysis, but require tumor dissociation and processing which disregards the spatial
structure®%6667_ Genomic analyses are also commonly used to determine changes in biological function but
typically only reflect relative changes in gene expression aggregated across all cell types within a sample®®.
Advancements in genetic profiling, such as single-cell sequencing, have extended gene expression analyses
for characterizing individual cells within heterogeneous samples™, Similarly to single-cell proteomic
analyses, this involves intricate sample processing to isolate individual cells, which can introduce
alterations to cellular gene signatures’. These methods are widely applicable for evaluating heterogeneity
across tumor compartments (e.g., tumor sub-populations, immune cells, stroma), but are unfavorable for
preserving the evolving environmental conditions and spatial networks needed to accurately reflect sources
of heterogeneity in the TME.

Variations in cell spatial distributions also influences global tumor heterogeneity, but few analytical
methods exist to examine tumor spatial structurel. Development of mathematical models have attempted
simulation of intratumor dynamics, but typically do not reflect all possible sources of environmental
variability”™. Furthermore, descriptive distribution metrics (e.g., measures of proximity, clustering, and
autocorrelation) have been used to characterize relative cell locations and their effect on cell phenotype and
functional diversity’*®. These techniques have been mostly used in histology or immunofluorescence

imaging studies to qualitatively assess multi-cellular spatial organization and relationships with bulk
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functional measures™®. Like the single-cell tools described above, these techniques require destructive
processing and only offer a static representation of tumor organization, ignoring region-specific effects on
tumor diversity. Preservation of both the spatial context and viability of experimental tumor models is

crucial for development of methods to assess cell-level heterogeneity within the 3D TME.

Identifying and characterizing cell sub-populations within intact, heterogeneous tumor models
would better inform on intercellular dynamics promoting heterogeneity in the TME. For example,
assessing interactions between tumor cells and blood vessels, extracellular matrix, immune cells, or stromal
cells could inform on mechanisms driving aggressive, drug-resistant tumor cell populations by mapping
their relative distribution in intact, viable tumor tissue. Also, tumor excision and dissociation required for
performing standard biological assays limit observation of dynamic changes in live tumor models over
time. Therefore, these drawbacks of standard measures become increasingly prohibitive for translating
heterogeneity analyses to more complex models (e.g., 3D in vitro, in vivo tumor models). Thus, novel
approaches for identifying tumor cell sub-populations within live, intact tissue and monitoring their
dynamic function over time could complement standard functional measures to comprehensively evaluate
the landscape of tumor heterogeneity.

2.4 Metabolism as a Marker of Cellular Heterogeneity

Metabolism is a principal regulator of function across cell compartments (e.g., tumor, stroma).
Accordingly, changes in metabolic products are correlated with changes in cell phenotype and function
(Figure 2.4A)%283, Reduced nicotinamide adenine dinucleotide (NADH) and flavin adenine dinucleotide
(FAD) are intracellular coenzymes that regulate cell-level metabolic processes®. Both serve as essential
catalysts in reactions across primary metabolic pathways, as either electron donors or acceptors (Figure
2.4B)®. Specifically, cells under abnormal physiological conditions use glycolytic processes to supply ATP,
resulting in greater NADH levels®. Similarly, FAD redox state is directly correlated with eukaryotic cellular
respiration processes (e.g., citric acid cycle, oxidative phosphorylation)8.

Both NADH and FAD can directly affect mitochondrial activity and intracellular energy production,
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leading to changes in tumor cell function (e.g., maturation, cell death). For example, actively proliferating
tumor cells upregulate production of glycolytic metabolite production during progression through different
cell-cycle phases®”®, Similarly, previous studies report variation in intracellular NADH levels associated
with changes in tumor cell growth rate®282, In contrast, decreased NADH levels are observed with reduced
proliferation (i.e., quiescence), which is associated with increased oxidative metabolism®. Environmental
changes (e.g., oxidative stress, acidosis) also regulate oxidation and reduction states to appropriately sustain
cellular production of ATP and other essential metabolites, yielding shiftsin NADH and FAD concentration
and binding affinity®*. Thus, monitoring NADH and FAD activity may provide correlative readouts of
local changes in tumor oxygen and nutrient supply.

Increased heterogeneity in immune cell populations has also been correlated with metabolic
switching (Figure 2.4A)%. Sensitivity to metabolic changes in immune cells could reflect heterogeneous
immune cell subsets and functional diversity within subsets. Macrophages are one of the dominant immune
cell populations infiltrating the TME and provide a reliable model of heterogeneity in immune cell
phenotype and function, due to their highly plastic nature®. Corresponding to the M1-M2 phenotype
paradigm described earlier, these diverse macrophage classes present unigue energy demands and metabolic
preferences*®. M1-like macrophages are associated with high production of reactive oxygen species (ROS)
to signal tumor cell cytotoxicity and secondary immune recruitment, requiring increased dependence on
production of metabolic co-enzyme, NADPH, via the pentose phosphate pathway (PPP)%. Homeostatic
ROS levels are also maintained by exploiting the NADPH and PPP for macrophage antioxidant
production®. Increased glycolysis and NADH production also enable survival of M1-like macrophages in
nutrient-deprived conditions®. In contrast, M2-like macrophages upregulate fatty acid oxidation to produce
Acetyl-CoA and NADH for increased oxidative phosphorylation, supporting tumor cell proliferation,
angiogenesis, and immunosuppression in the TME®-%%  Extensive studies have established this
association between cell metabolism and function across numerous cell types, strongly supporting the utility

of cell metabolites such as NADH and FAD as biomarkers of cellular activity and local environmental
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pressures in the TME.
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Figure 2.4: Cellular metabolism is linked to phenotypic and functional heterogeneity in cell
populations within the TME. A) Bulk tumors are comprised of several heterogeneous cell populations,
with each cell population exhibiting unique genetic and metabolic characteristics. Metabolic activity
can further distinguish cell subsets within each identified population. Adapted with permission from®,
B) Primary intracellular metabolic pathways involving NADH and FAD oxidation-reduction reactions.
Adapted with permission under CC BY-4.0 from*%,

2.5 Imaging Methods to Capture Heterogeneity in Cancer
2.5.1 Medical imaging modalities

Imaging methods offer non-invasive, non-destructive characterization of heterogeneity in
TME models. Several macroscale imaging techniques currently exist for monitoring structural and
functional changes in tumor tissue, such as positron emission tomography (PET), ultrasound (US),

computed tomography (CT), and magnetic resonance imaging (MRI) (Table 2.1). PET uses contrast
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from radioisotope-labelled functional molecules to trace transport and accumulation in specific tissue
regions?®. This can visualize the distribution and enzymatic processing of functional molecules (e.g.,
2-deoxy-glucose, thymidine, acetate) or labeled drugs within tumors and relate it to physiological
behavior such as biogenesis, nutrient availability, metabolic activity, and overall drug efficacy?*1%2,
Combined CT/PET imaging is frequently used to provide complementary information about
macroscale structure to determine distribution of PET tracers relative to the tumor mass or other
anatomy'%, CT traditionally relies on X-ray absorption of tissues and bone to provide contrast from
the surrounding environment, though radioagents have been introduced to enhance contrast due to
low signal from soft tissue!%*1%, For example, ¥F-FDG and !C-acetate PET/CT are commonly used
to probe glucose uptake and oxidative metabolic activity, respectively®®. Ultrasound imaging
captures reflected high-frequency sound waves to visualize in vivo tissue structure but also has poor
soft tissue contrast, similarly requiring additional contrast agents'®*1%. Additionally, MRI is
advantageous for imaging structural changes in tumors as it exploits endogenous contrast through
high water content of tissues or exogenous contrast from paramagnetic tracers, overcoming the need
for use of ionizing radiation!®*1%° Here, the generation of magnetic fields are used direct proton
alignment, then radiofrequency pulses are introduced to change the proton orientation®. Aligned
protons will then relax back to their original alignment after the pulse ceases. The relaxation rate is
reflective of the tissue composition or contrast agent accumulation, enabling discrimination of intact
tissue regions!®. MRI can also exhibit sensitivity to metabolic changes by using hyperpolarized
metabolites (e.g.,*C-pyruvate/lactate, *H-choline)%®, PET/CT and MRI are well-suited to measure
tissue-level spatial variations in phenotype and function but lack the spatial resolution to identify and map
individual cells within the tissue®®° These modalities have also been adapted to detect diverse tumor
cell and immune compartments within the entire mass, but similarly, resolution limits only enable
representation of the bulk organization and function of these cell populations!!*. Thus, functional imaging
approaches with cellular resolution are needed to comprehensively visualize TME heterogeneity.

2.5.2 Optical imaging modalities
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Several optical imaging modalities have also been developed to monitor heterogeneous structure
and function in the tumor microenvironment (Table 2.1). Histological and immunofluorescence imaging
are standard techniques that use tissue sections from excised tumors for fixation and staining or fluorescent
labeling of cell types, structural components, and genes or proteins associated with cell function2113,
Microscopy images are collected from select regions or across the entire processed sample, and patterns
of cell-specific staining or fluorescence are quantified to determine the presence of multiple, functionally-
distinct cell populations in the tissue'!21!3, These techniques have been combined with spatial analyses to
determine associations between relative location of diverse cell types and macroscale tumor behavior’"-8L,
For example, immune cell and fibroblast infiltration and colocalization with tumor cells within tissue
sections are frequently correlated with disease prognosis, though the significance of cell spatial
relationships is poorly understood’®!4. Alternatively, innovation in optical imaging technologies for
monitoring heterogeneity in the tumor microenvironment have been steadily progressing. Structural
imaging techniques, such as optical coherence and photoacoustic tomography or second- and third-
generation microscopy, use contrast from scattering, thermal expansion, or molecular orientation of
specific tissue structures to visualize the 3D tumor structure deep within the tissue (mm — cm deep)97115-
119 However, these methods provide limited information about the function of cells and tissue. Molecular
imaging approaches, such as bioluminescence and Fourier transform infrared imaging, can resolve
functional activity in tumor tissue by detecting luminescent functional molecules or endogenous changes
in light transmission spectra corresponding to tissue molecular composition%4105120-122 ' However, these
techniques have variable cellular specificity and resolution in vivo'%4195120-122 Eyrthermore, numerous
fluorescence-based methods exist to characterize intensity and lifetimes of endogenous fluorophores,
fluorescent reporters, dyes, and particles reflecting phenotype, function, and distribution of particular cells
and structures from 2D images or 3D image volumes®-107123124 "In particular, multiphoton fluorescence
using near-infrared excitation is well-equipped for tissue imaging due to high spatial confinement of

fluorescence excitation and reduced scattering for deeper penetration into densely-packed tissue!?.
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Fluorescent metabolite probes (e.g., 2-NBDG glucose, Peredox NADH-NAD+ sensors) can also enable
assessment of tissue metabolism using these optical imaging approaches!?. These techniques have been
used individually and in combination to image 3D tumor-tumor and tumor-stroma interactions within

intact tumors. Overall, optical imaging is attractive for studies of TME heterogeneity.

Table 2.1: Comparison of imaging approaches for assessing models of tumor
microenvironment. Adapted with permission under CC BY-4.0 from**.

Imaging modality Resolution Contrast agent
In-plane Coverage/ Temporal
depths per frame
Optical Bioluminescence imaging 1% BLI >3-5 um 1-2 cm >1stomin Reporter genes
Fluorescence imaging'®* 1% FLI 2-3 um <1cm >1stomin Fluorophores, fluorescent
nanoparticles
Fluorescence lifetime microscopy'?® FLIM nm range ~1000ym =>1stomin Endogenous, fluorophores,
fluorescent nanoparticles
Fluorescence molecular FMT <1 mm 1-2 mm >1stomin NIRF dyes, quantum dots,
tomography'07.12# reporter genes
Fourier transform infrared imaging'?* FTIR >3-5 ym <20 ym >1msto  Endogenous
122 min
Near-infrared fluorescence imaging ' NIRF ~200 ym <3-4 cm 50-800 ms NIRF dyes, quantum dots,
reporter genes
Optical coherence tomography™'® OCT <7.5um 2-3 mm <1s Endogenous
Photoacoustic imaging PAI 100 um <5-6 cm >1stomin Fluorophores, nanoparticles,
(tomography)'07-116-118 (PAT) guantum dots
Second-harmonic generation SHG <1 um =1 mm >10s Endogenous
microscopy''?
Third-harmonic generation THG <1 pm =1 mm >10s Endogenous
microscopy'"®
X-ray Computed tomography'®+105124 CT ~50-200 pm  Whole body >20 s Water-soluble, iodinated probes
Magnetic Magnetic resonance imaging'® 1197 MRI ~25-300 ym  Whele body =2 min Endogenous; injected marker or
resonance  10%12 metabalic substrates
Magnetic resonance spectroscopic MRSI mm range Whole body min to h Endogenous; injected marker or
imaging'®® metabolic substrates
Nuclear Positron emission tomography'®+105.124  pET 1-2 mm Whole body >10s to Radiclabeled substrates
min (nutrients, antibodies, antibody
fragments), activatable probes
Single photon emission computed SPECT 1-2 mm Whole body min Radiclabeled antibodies,
tomography'%412# antibody fragments, and
antigens
Ultrasound  Ultrasound imaging'®'2* us 50-500 pm mmtoecm  >1stomin Endogenous; targeted
microbubbles
Imaging modalities are color-coded separating optical, X-ray,magnetic resonance-, nuclear-, (radioactivity-), and uftrasound-based imaging methods

2.6 Autofluorescence Imaging of Cellular Metabolism

Metabolic autofluorescence imaging can exploit endogenous fluorescence of metabolic
coenzymes NADH and FAD to monitor metabolic pathway activity in live cells (Figure 2.5)8127.128,
NADH and FAD autofluorescence display unique spectral characteristics, enabling separation based on
their excitation and emission (NADH Ex/Em maxima: 350nm/460nm; FAD Ex/Em maxima: 435nm/535
nm)®. Due to the overlap in excitation and emission characteristics of NADH and NADPH, metabolic
autofluorescence imaging similarly demonstrates sensitivity to both NADH and NADPH redox states*?"-

1%, The increased abundance and quantum yield of NADH suggests our signal primarily reflects NADH
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activity®*, though the notation NAD(P)H used onwards indicates this overlap. NAD(P)H and FAD
fluorescence intensities can inform on their respective intra-cellular concentrations?’-12, Furthermore,
calculation of the optical redox ratio, defined as the ratio of NAD(P)H intensity to FAD intensity, provides
a global measurement of metabolism related to intracellular reduction or oxidation!?":128.131-133 Thijs metric
has been shown to correlate with standard measures of metabolism such as liquid chromatography mass
spectrometry and extracellular flux, validating the sensitivity of the optical redox ratio to intracellular

metabolic activity!33134,

Fluorescence lifetime imaging microscopy (FLIM) of NAD(P)H and FAD can contribute
additional information specific to protein binding activity!30.131133135136 'l orescence lifetime is defined

as the time of electron relaxation to the ground energy state following photon absorption and electron
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Figure 2.5: Autofluorescent NAD(P)H and FAD provide label-free biomarkers of metabolic
pathway activity. Metabolic coenzymes, NAD(P)H and FAD, are utilized in reactions for metabolite
production across several metabolic processes, including glycolysis, pentose phosphate pathway, fatty
acid oxidation, and oxidative phosphorylation. These coenzymes exhibit endogenous fluorescence,
enabling label-free observation of active metabolic processes within cells.

transition to higher energy states™*’. Two-photon excitation of fluorescence lifetime uses focused near-
infrared laser pulses to cause nonlinear excitation of electrons via interaction of two, low-energy photons

equivalent to the energy required for single photon excitation (Figure 2.6A)*81%°, The spatial confinement
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of two-photon excitation reduces out-of-plane fluorescence and minimizes photodamage, while
maximizing resolution and photon detection'®, Additionally, the use of near-infrared excitation pulses
increases depth of penetration, which is ideal for imaging thick, scattering biological samples'?. Lifetime
measurements can distinguish between free and protein-bound forms of NAD(P)H and FAD, characterized
by distinct molecular conformations that affect fluorescence quenching!3351% Fluorescence lifetime
measurements detect free and bound NAD(P)H and FAD within each pixel using time-correlated single
photon counting (TCSPC). In TCSPC, each photon is assigned to a time bin within a lifetime histogram?4°,
Histograms are fit to multi-exponential decay functions corresponding to free and bound coenzyme, which

are described in the following equation:

1) = Tiae T, (1)
where | represents fluorescence intensity, t represents time, a; represents the fractional contribution of each
fluorescent species, and i represents the lifetime of each species'®®. An instrument response function (IRF)
is measured from a sample with an instantaneous lifetime (e.g., a second harmonic sample for two-photon
microscopy) to account for the temporal response of the optical system*°. FLIM analysis requires some
prior assumptions, including the number of lifetime components, temporal offset of detected signals, and
sources of background fluorescence“’. The multi-component exponential decay estimate is then convolved
with the IRF and compared to the experimentally-measured lifetime decay curve (Figure 2.6B)*. The chi-
squared (x?) goodness-of-fit test is used to evaluate agreement between the fit and the measured data.
Parameters of the model (a;, 7;) are iterated to achieve a chi-squared value closest to 1, indicating the best
model fit to the experimental data’®’. These lifetime parameters can then inform on NAD(P)H and FAD
binding activity. Specifically, unbound NADH exhibits partial quenching of its adenine side chain, resulting
in a faster rate of fluorescence decay than in the unquenched, bound form®*. In contrast, bound FAD
exhibits adenine quenching and thus yields a faster fluorescence decay than free FAD!!. Additional
limitations of autofluorescence lifetime hinder application of this technique, including reduced sensitivity

to endogenous fluorophores with similar fluorescence characteristics (e.g., NAD(P)H and NADH) and lack
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of specificity for all known autofluorescent enzyme reactions (e.g., ~300 different NADH binding
sites)129149192  However, analysis of NAD(P)H and FAD fluorescence lifetime can overall inform on the
dynamics of intracellular metabolic activity and environmental stimulation within the TME.

Metabolic autofluorescence provides quantitative, functional information on the single-cell level,
demonstrating the capability to evaluate heterogeneity within biological systems42144, NAD(P)H and FAD

autofluorescence intensities can reflect substantial changes in active cell metabolic pathways and metabolite
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Figure 2.6: Two-photon imaging of autofluorescence lifetimes can inform on activity of biological
fluorophores. A) Two-photon excited fluorescence (TPEF) relies on interaction of two photons to cause
electronic excitation and corresponding relaxation (emission) equivalent to excitation with a single
photon of twice the energy. The total time to electron relaxation is the fluorescence lifetime. Adapted
with permission from**®. B) Per-pixel photon counts are collected and binned according to photon
detection time to build up per-pixel fluorescence decay curves. Fluorescence lifetime decay variables
(ai, Ti) are determined by fitting experimental data with an estimated decay function convolved with the
measured IRF. Upon optimization of decay fits, heterogeneity of per-pixel lifetime values can be
visualized by lifetime maps or frequency distributions. Adapted with permission from4°,

production®12’. Furthermore, variations in fluorescence lifetime can be correlated to environmental
changes within biological samples!®. Previous studies have established that NAD(P)H and FAD
autofluorescence intensity and lifetimes can distinguish heterogeneous populations based on tumor and
immune phenotypes, treatment response, and cell function!33135136144-148 Jtimately, sensitivity of
metabolic autofluorescence imaging to functionally distinct sub-populations across in vitro and in vivo

tumor models supports further development to investigate the full spectrum of TME heterogeneity.

2.7 Analytical Techniques for Assessing Autofluorescence Heterogeneity
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Quantitative analysis of autofluorescence images provides insights into cell function, structure-
function relationships, and spatial heterogeneity that are not apparent with qualitative observations of the
images. Analytical tools for image segmentation and heterogeneity analysis are introduced in this section.
Innovations in these areas are ongoing, and new image analysis tools are frequently adopted from disparate
disciplines. The prevalence of intercellular heterogeneity in tumors and limited cell-level sensitivity of
standard imaging and biological assays highlight the importance of novel single-cell analysis methods for

thorough characterization of the TME.

2.7.1 Heterogeneity analysis of autofluorescence measurements

2.7.1.1 Pixel-level analysis

Pixel-level analysis of autofluorescence intensities and lifetimes can inform on sub-cellular and
cell-level heterogeneity within a sample. Lifetime histograms provide a useful quality check of curve fitting
from TCSPC pixels, confirm the presence of distinct fluorescence lifetimes, and/or confirm expected
changes in lifetime values from an experimental condition or FRET interaction (Figure 2.6B)%.
Distributions of pixels can also be visualized in phasor space to provide complementary information on the
identity of fluorophores in the sample and lifetime changes throughout an experiment 49150, Pixel-level
FLIM analysis has been previously used to quantify lipid membrane integrity and heterogeneity, immune

cell heterogeneity, cell development, protein conformation and organization, and other phenomena®#¢15:-

155

2.7.1.2 Cell-level analysis

Cell segmentation

Cell-level analysis provides a biological context for interpreting FLIM images by averaging
intensity or lifetime values across all pixels within a single cell**’. This approach quantifies diversity across
cells in a similar manner to established techniques such as flow cytometry or colony counting. Segmentation

is required for cell-level analysis. However, segmentation of autofluorescence images is challenging due to
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low signal-to-noise ratio and poor spatial specificity of the fluorescence signal. CellProfiler has been used
to isolate cells, nuclei, and cytoplasms from two-photon NAD(P)H autofluorescence images'®®. This
approach identifies nuclei within a specified size range by thresholding pixels above the background
fluorescence but below cytoplasmic fluorescence values. Whole cell masks are defined by propagating from
nuclear masks. Nuclear masks are subtracted from cell masks to isolate cytoplasmic areas. Various cell
segmentation frameworks have been developed to improve single-cell analysis of fluorescence lifetime
data, but many of these are only optimized for high SNR, fluorescently labeled images®™’, Application
of cell segmentation techniques for autofluorescence images would improve quantitative assessment of live,

cell-level metabolic changes.

Population distributions of cells

Histograms of intensity and lifetime values can be plotted across numerous cells for population
distribution analysis. This approach visualizes heterogeneity within cell classes under basal conditions or
in response to perturbations. Histograms can be fit with population density models to summarize the
distribution of cells and to identify distinct cell sub-populations. Gaussian mixture modeling is a common
population density modeling approach where multiple Gaussian probability density functions are iteratively
fit to each frequency histogram (Figure 2.7A)416°_ Goodness of fit is assessed by the minimum Akaike
Information Criterion (AIC)°6, However, this approach is limited by assumptions about the number of
populations within the data and the Gaussian distribution of the data'®2%3, Approaches have been developed
to circumvent these assumptions, including density-based clustering®4. Density-based clustering defines
sub-populations within data such that the highest density datapoints define the cluster for the nearest
remaining points'®4, Previous studies have shown that population distribution analysis of autofluorescence
measurements can classify cell types, drug response, and disease state 131.137:142-144165  Additionally, lifetime
distributions can identify objects without prior segmentation. Variations in lifetime distributions have
identified other molecular features such as tagged neurons in C. elegans and metabolic activities within

tumors 6167 Qverall, population distribution analysis provides unique insights into sample heterogeneity.
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Quantitative metrics of autofluorescence heterogeneity

Heterogeneity in autofluorescence measurements is commonly quantified from coefficients of
variation (CV)'*11, The CV is the standard deviation divided by the mean of a measurement, which
enables comparisons of variability between samples. However, the CV does not define whether distinct
sub-populations exist within the lifetime data. Alternatively, quantitative metrics of heterogeneity (e.g., H-
index, wH-index) can be derived from population density models so that the behavior of sub-populations
can be compared between conditions!#214%, Collectively, these studies show that quantitative metrics of

fluorescence lifetime heterogeneity provide powerful tools to study diversity in biological systems.

2.7.2 Analysis of autofluorescence spatial distributions

Both qualitative and quantitative analyses have been developed for evaluating spatial heterogeneity
of autofluorescence measurements. False-colored intensity and fluorescence lifetime images can be
generated from integration of curve fitting parameters (e.g., 71, 72, o1, 0z2) or phasor values (e.g., g, s)*41%.
These images are used for qualitative assessments of molecular distribution in biological samples. For
example, FLIM images can map lifetime sensors of intracellular molecules (e.g., magnesium, calcium,
chromatin, myoglobin, antigens), pH, oxygen, or temperature’?1  Intensity and lifetime images of
endogenous fluorophores provide qualitative information on the distribution of subcellular and cellular
metabolism, biogenesis, and structure!?145148.149.169.175-178 - Eyrthermore, tissue-level autofluorescence
images can distinguish cellular compartments across diverse tissue types (e.g., stroma, endothelium,
epithelium, cancerous tissue)'*3179-182 Methods to quantify spatial variations in intracellular fluorescence
have been also reported, though these have not been translated for autofluorescence data (Figure 2.7B)83-
185, For example, QuantEv is one existing platform to evaluate the localization of fluorescently-tagged
proteins as a function of the global structure of a cell*®*, and a similar approach was designed for spatial
analysis of GFP-expressing plant Golgi proteins'®. Novel analytical approaches to assess autofluorescence

spatial distributions will be critical to exploit the wealth of information in autofluorescence images.
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2.7.3 Multiparametric analysis of autofluorescence data

Autofluorescence images usually have multiple variables per pixel (e.g., lifetime curve fit
parameters, fluorescence intensity) that can be used in multivariate classification models to identify distinct
cell subsets or function (Figure 2.7C). Previous studies used discriminant analysis of fluorescence intensity,
lifetime, and morphological parameters to classify cell types (keratinocytes, adipocytes, myoblasts,
cardiomyocytes, stem cells) in response to metabolic perturbations (growth factor and nutrient
starvation/supplementation, environmental stimuli) %, Multivariate FLIM analysis can also use more
complex models including nonlinear classifiers (e.g., logistic regression, random forests) and convolutional
neural networks. These models also achieve high accuracy for multi-group classification based on
autofluorescence lifetimes, specifically for T cell subtypes and activation states (e.g., quiescent/activated,
CD3/CD4/CD8 co-expression)!®”18 These studies illustrate the strength of multivariate classification

models based on autofluorescence data, which provides robust separation of cell types and cell function.
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Figure 2.7: Analytical approaches for assessing heterogeneity in cellular autofluorescence. A)
Histograms of lifetimes per object are fit to distribution models to describe sub-populations and
variability in the data. B) Spatial statistical analyses can quantify spatial heterogeneity in
autofluorescence data. For example, relative proximity measurements can define pixel/cell spatial
distributions within specified neighborhoods. Adapted with permission from®, C) Multiparametric
analysis provides models that describe defined classes within the data using all recorded measurements.
Adapted with permission from®,
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Proposed relationships between tumor development, treatment response, and heterogeneity within
the TME warrants improved methods for assessing the various sources of TME heterogeneity. Metabolic
autofluorescence imaging and image analysis are well-established tools for quantifying heterogeneous
single-cell function in live, intact samples. As mentioned previously, metabolic autofluorescence imaging
has been demonstrated for observing spatial and temporal changes in cell metabolism across in vivo and 3D
in vitro tumor models!3!:142146.147.179.181189-191 - Cyrrent functional assays and imaging techniques have
limited ability to resolve these cell-level transitions, supporting further development of metabolic
autofluorescence imaging and analysis for characterizing heterogeneity in the TME. Thus, the work
presented in this dissertation will focus on advancements in metabolic autofluorescence imaging
applications and novel analytical tools to inform on mechanisms driving TME heterogeneity to affect tumor

progression.
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CHAPTER 3

AUTOFLUORESCENCE IMAGING OF 3D TUMOR-MACROPHAGE MICROSCALE
CULTURES RESOLVES SPATIAL AND TEMPORAL DYNAMICS OF MACROPHAGE
METABOLISM
3.1 Abstract

Macrophages within the tumor microenvironment (TME) exhibit a spectrum of pro-tumor and anti-
tumor functions, yet it is unclear how the TME regulates this macrophage heterogeneity. Standard methods
to measure macrophage heterogeneity require destructive processing, limiting spatiotemporal studies of
function within the live, intact 3D TME. Here, we demonstrate two-photon autofluorescence imaging of
NAD(P)H and FAD to non-destructively resolve spatiotemporal metabolic heterogeneity of individual
macrophages within 3D microscale TME models. Fluorescence lifetimes and intensities of NAD(P)H and
FAD were acquired at 24, 48, and 72 hours post-stimulation for mouse macrophages (RAW 264.7)
stimulated with IFN-y or IL-4 plus IL-13 in 2D culture, validating that autofluorescence measurements
capture known metabolic phenotypes. To quantify metabolic dynamics of macrophages within the TME,
mouse macrophages or human monocytes (RAW264.7 or THP-1) were cultured alone or with breast cancer
cells (mouse PyVMT or primary human IDC) in 3D microfluidic platforms. Human monocytes and mouse
macrophages in tumor co-cultures exhibited significantly different FAD mean lifetimes and greater
migration than monocultures at 24, 48, and 72 hours post-seeding. In co-cultures with primary human
cancer cells, actively-migrating monocyte-derived macrophages had greater redox ratios (NAD(P)H/FAD
intensity) compared to passively-migrating monocytes at 24 and 48 hours post-seeding, reflecting metabolic
heterogeneity in this sub-population of monocytes. Genetic analyses further confirmed this metabolic
heterogeneity. These results establish label-free autofluorescence imaging to quantify dynamic metabolism,
polarization, and migration of macrophages at single-cell resolution within 3D microscale models. This
combined culture and imaging system provides unique insights into spatiotemporal tumor-immune

crosstalk within the 3D TME.
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3.2 Introduction

Immune cells are a critical component of the tumor microenvironment (TME) and regulate tumor
initiation, progression, and therapeutic response. The phenotype and function of immune cells surrounding
or infiltrating the tumor are crucial to tumor fate'~3. Macrophages are a subset of immune cells with diverse
function that are abundant within numerous tumor types, especially breast and pancreatic tumors*?#. This
prevalence suggests that macrophages may serve as important immune mediators of tumor behavior, yet
macrophage activity is complex and not well understood. For example, multiple macrophage phenotypes
have been identified, each with unique functional and stimulatory activity that influence the surrounding
cellular environment®’. Two well-characterized classes of macrophages, M1-like and M2-like
macrophages, exhibit distinct responses to tumors’®, M1-like macrophages promote anti-tumor activity
through apoptotic or phagocytic signaling, secondary immune stimulation via cytokine secretion and
antigen presentation, and nutrient deprivation of tumors”®1°. M2-like macrophages support tumor growth
by suppressing immune recognition and promoting cancer cell proliferation, maotility, and vessel
growth”®1% However, intermediate macrophage states have also been observed within tumors, suggesting
a more complex model of macrophage heterogeneity than this M1-M2 dichotomy!*2, This heterogeneity
within macrophage populations presents a substantial challenge for effective treatments, emphasizing the
need to characterize cell-level macrophage function within the 3D TME.

Cell function has been correlated with metabolism across numerous cell types, including
macrophages'®. Therefore, monitoring metabolic preferences within macrophages could reveal
heterogeneity in macrophage phenotype and function. Metabolic demands greatly differ between M1-like
and M2-like macrophage classes’®. M1-like macrophages generate nitrogen oxide to induce tumor cell
death and recruit additional monocytes to the tumor. This increases the production of the metabolic co-
enzyme, NADH, via glycolysis and sustains the viability of M1-like macrophages within tumors4e,
Conversely, elevated fatty acid oxidation and oxidative phosphorylation in M2-like macrophages support
angiogenesis and tumor growth'*1°, Here, fatty acid oxidation generates acetyl-CoA and NADH, driving

downstream oxidative phosphorylation!’°. Microenvironmental changes can regulate these distinct
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metabolic demands and produce diverse macrophage phenotypes?®?, This highlights a continuum of
metabolic activity related to macrophage function that is provoked by complex stimuli from the TME2-22,
Therefore, monitoring macrophage metabolic heterogeneity improve understanding of tumor-macrophage

crosstalk.

3D tumor models provide reliable models of tumor structure and TME conditions that influence
immune cell function. The key advantages of microscale models include controllable features that can be
easily tuned to simulate the TME and designs enabling various combinations of culture conditions that
support high-throughput assessment?*24. Combined tumor and immune cell culture within an extracellular
matrix (ECM) further enables paracrine signaling between cell layers and protein-protein interactions
necessary for cell motility?>?¢. These microscale platforms also provide a simple approach to recapitulate
in vivo tumor-associated environmental conditions (e.g., hypoxia, nutrient availability) that regulate both
macrophage phenotype and function?*%?7. These representative 3D tumor models provide attractive
systems to evaluate macrophage heterogeneity in response to spatiotemporal changes in the
microenvironment.

The destructive nature of most standard biological assays highlights the need for non-invasive tools
to monitor macrophage heterogeneity within intact samples. Flow cytometry requires single-cell tumor
dissociation that destroys the native tumor spatial context, followed by fixation and antibody-labeling that
can alter cell function?®, Standard functional assays (e.g., plate reader-based ELISA) only provide bulk cell
measurements that cannot capture cell-level heterogeneity?. Whole body imaging (e.g., PET/CT, MRI) can
track macrophages in 3D but have poor cellular resolution?®3°. Therefore, the limitations of standard
measurements prohibit monitoring spatiotemporal macrophage heterogeneity within the complex 3D TME.
This highlights a need for new non-invasive techniques and in vitro models to characterize macrophage
heterogeneity.

Autofluorescence imaging has previously quantified cellular heterogeneity in vivo and in 3D

cultures using label-free two-photon microscopy® 2. Specifically, autofluorescence imaging can quantify
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the endogenous fluorescence of metabolic coenzymes NADH and FAD, which are both used across several
cellular metabolic processes**#’. NADH and NADPH have overlapping fluorescence properties, and are
collectively referred to as NAD(P)H “. Fluorescence intensity measurements can inform on the intra-
cellular concentrations of NAD(P)H and FAD. The optical redox ratio, defined as the ratio of NAD(P)H
intensity to FAD intensity, provides a measure of the relative oxidation-reduction state of the cell3%344,
Fluorescence lifetime imaging microscopy (FLIM) of NAD(P)H and FAD provide additional information
specific to protein binding activity*. Lifetime measurements can distinguish between free and protein-
bound forms of NAD(P)H and FAD, characterized by distinct molecular conformations that affect
fluorescence quenching®. Previous studies have shown that metabolic autofluorescence imaging detects
spatial and temporal changes in stromal cells across in vivo and 3D in vitro models®3839425055 Thys,
metabolic autofluorescence imaging of microscale 3D models was demonstrated to quantify metabolic
activity and visualize macrophage heterogeneity within the 3D TME using primary human cancer, human

cell lines, and mouse cell lines

3.3 Methods
3.3.1 2D cell culture

RAW 264.7 murine macrophages (ATCC TIB-71) were maintained in culture medium composed
from standard RPMI 1640 (Gibco), 10% fetal bovine serum, and 1% penicillin:streptomycin. RAW
macrophages were seeded in 35 mm glass bottom dishes (MatTek) for imaging experiments. All imaging
samples were plated at a density of 1x10° cells per dish and incubated at 37 °C and 5% CO2, for 24 hours
to allow cell adhesion. Separate cultures of macrophages polarized with M1-like (IFN-y) or M2-like (IL-
4/1L-13) cytokines were generated by standard media substitution with 2 mL cytokine-supplemented media
and incubated between 24-72 hours. Media for M(IFN-y) stimulation consisted of RPMI 1640
supplemented with 10 ng/ml interferon-y (IFN-y; R&D systems), and media for M(IL4/IL13) stimulation
consisted of RPMI 1640 with 20 ng/ml interleukin 4 (IL-4; Invitrogen) and 20 ng/ml interleukin 13 (IL-13;

Gibco).
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3.3.2 Microdevice design and fabrication

Description of the Stacks microfluidic platform is previously described in detail?’. 24-well
polystyrene microdevices (dimensions: 75 mm x 50 mm) were fabricated by injection molding and
sterilized via sonication in isopropanol. Collagen hydrogels (2.0 mg/ml) were prepared and a 4.5 pL volume
was suspended within each microwell of the device (thickness ~1.2 mm), creating an open-air culture
system compatible for two-photon imaging. The hydrogel was generated from a mixture of 6 pL 10X PBS,
14 uL sterile water, 6 uL NaOH (Sigma), 160 pL Bovine collagen type | (PureCol, Advanced BioMatrix),
3 pL fibronectin (Sigma) and 50 L cell type-specific medium (RPMI11640 — mouse; complete DMEM/F12
(Gibco) — human). Collagen hydrogels were polymerized by incubation at 37°C for at least 6 hours, prior
to sequential seeding of breast carcinoma cells and macrophages (~1000 cells/uL each) on the opposing
ends of the collagen layer.
3.3.3 3D microdevice culture

The 3D microfluidic platform was used for co-cultures of primary and immortalized macrophages
and breast carcinoma of both mouse and human origin. PyVMT (established from FVB MMTV-PyVmT
mouse tumors) and MDA-MB-231 (ATCC HTB-26) human breast cancer cells were cultured in medium
composed from standard Dulbecco’s Modified Eagle Medium (DMEM, Gibco), 10% fetal bovine serum,
and 1% penicillin:streptomycin. RAW 264.7 macrophages (ATCC TIB-71) and THP-1 human monocytes
(ATCC TIB-202) were cultured in RPMI 1640 medium supplemented with 10% fetal bovine serum and
1% penicillin:streptomycin. Patient-derived invasive breast carcinoma cells (IDC; 171881-019-R-J1-PDC,
Passages 7-12) were obtained upon request from the NCI Patient-Derived Models Repository (NCI
PDMR)®. Culture of patient-derived cells required specialized media consisting of 1X Advanced
DMEM/F12 (Gibco) supplemented with 5% Fetal Bovine Serum, 1.1 uM Hydrocortisone (Sigma), 1.61
nM EGF Recombinant Human Protein (Invitrogen), 0.178 mM Adenine (Sigma), 1%
penicillin:streptomycin, 2 mM L-Glutamine (Invitrogen), and 0.01 mM Y-27632 dihydrochloride
(Tocris)®®. Well conditions included macrophages incubated with and without tumor cells over 72 hours.

For gene expression analysis, tumor cells and macrophages were cultured on separate Stacks layers to
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prevent cell type cross-contamination. An additional Stacks layer with wells only containing 10 pL culture
medium was placed on top of each Stacks layer with cells. These layers were then overlaid form a four-
layer Stacks setup (media layer-macrophage layer-media layer-tumor layer). Media changes were
performed daily by aspirating old media from each well and replacing with 10 pL of fresh culture media
during incubation between imaging experiments.
3.3.4 Autofluorescence imaging

FLIM images were acquired with an Ultima two-photon imaging system (Bruker) composed of an
ultrafast tunable laser source (Insight DS+, Spectra Physics) coupled to a Nikon Ti-E inverted microscope
equipped with time correlated single photon counting electronics (SPC 150, Becker & Hickl GmbH). The
ultrafast tunable laser source enabled excitation of NAD(P)H (750 nm) and FAD (890 nm) fluorescence.
For 2D macrophage imaging, NAD(P)H and FAD fluorescence were excited sequentially, and their
respective emission was isolated using 440/80 and 550/100 bandpass filters (Chroma). Laser power at the
sample for NAD(P)H and FAD excitation was approximately 11.3 mW and 11.5 mW, respectively.
Simultaneous excitation of NAD(P)H (750 nm) and FAD (895 nm) was performed for all 3D samples by
wavelength mixing of 750 nm and 1040 nm laser lines to virtually generate a 895 nm excitation effect as
described previously®’. Approximate laser power at the sample during wavelength mixing was 10.7 mW at
750 nm and 16.3 mW at 1040nm. NAD(P)H and FAD emission during wavelength mixing were isolated
using a 466/40 and a 540/24 nm bandpass filter (Chroma), respectively. All samples were illuminated
through a 40X/1.15 NA objective (Nikon), with 2X optical zoom for wavelength mixing to capture
fluorescence emission only from pixels with efficient mixing. Emission was detected with GaAsP
photomultiplier tubes (Hamamatsu 7422PA-40). Per-pixel lifetime decay curves were collected by scanning
the field of view (256x256 pixels; 300um X 300 pum) over 60 seconds with a 4.8 microsecond pixel dwell
time. To prevent photobleaching within the sample, photon count rates were maintained at ~1-3x10°
photons/second. The instrument response function was generated from second harmonic signal of urea
crystals excited at 900 nm, with a full width at half maximum of 240 picoseconds. A fluorescence lifetime

standard measurement was collected daily by imaging a YG fluorescent bead (Polysciences Inc), measured
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as 2.1+0.09 nanoseconds consistent with reported lifetime values®®%. Autofluorescence images were
captured for each 2D polarization condition at 24, 48, and 72 hours post-stimulation, with a minimum of
four representative fields of view per sample (~1000-2000 cells). For 3D cultures, autofluorescence lifetime
volumes were acquired across 2- 3 wells for each macrophage monoculture and co-culture condition for at
least 3 separate devices (i.e., 6 to 9 wells per condition). Image volumes captured images at 3 pum z-steps
starting at the macrophage seeding plane and ending at the leading edge of the macrophage layer (~1000-
3000 cells). Z-stack image depths ranged from 24 to 210 pum.

3.3.5 Image analysis

Per-pixel fluorescence lifetimes of free and protein-bound NAD(P)H and FAD were calculated

from fitting fluorescence decays to the following bi-exponential model: I(t) = cxle_t/fl + aze_t/Tz +C*,
Fluorescence intensity images were generated by integrating photon counts over the per-pixel fluorescence
decays. The per-pixel ratio of NAD(P)H fluorescence intensity to FAD intensity was calculated to
determine optical redox ratio. A customized CellProfiler pipeline was used to segment individual cell
cytoplasms®. Cytoplasm masks were applied to all images to determine single-cell redox ratio and
NAD(P)H and FAD fluorescence lifetime variables. Fluorescence lifetime variables consist of the mean
lifetime (tm = t101 + T2022), free- and protein-bound lifetime components (t1, 12), and their fractional
contributions (o1 and op; where o1 + az = 1) for each cell cytoplasm. Nine total variables were analyzed for
each cell cytoplasm: NAD(P)H tm, FAD tm, NAD(P)H 11, FAD 11, NAD(P)H 12, FAD 12, NAD(P)H 014,
FAD a4, and optical redox ratio.
3.3.6 Metabolic inhibition

To validate that metabolic changes were specific to macrophage polarization, 2D polarized
macrophages were treated with a panel of metabolic inhibitors with known activity and imaged post-
treatment. RAW264.7 macrophages were stimulated to glycolytic M(IFN-y) or M(IL4/IL13) phenotype for
72 hours®-%4, Next, glycolysis was inhibited with media + 10 mM 2-deoxyglucose (2DG; Sigma), FAO

was inhibited with media + 100 nM etomoxir (ETO; Sigma), or OXPHOS was inhibited with media + 4mM
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sodium cyanide (NACN; Sigma)®>%’. Autofluorescence imaging was performed immediately before adding
inhibitor and after treatment for 5 mins (NaCN), 1 hour (2DG), or 24 hours (ETO).
3.3.7 Immunofluorescence staining and imaging

Following autofluorescence imaging, unstimulated and cytokine-stimulated 2D cultures of
RAW264.7 macrophages were stained according to supplier instructions with both PE-conjugated CD86
antibody (Tonbo Biosciences) and FITC-conjugated CD206 antibody (BioRad) to confirm macrophage
polarization. Conjugated antibodies were diluted to 1:30 in PBS+goat serum. 2D immunofluorescence
images were acquired using the two-photon microscope setup described above. CD206-FITC fluorescence
intensity was excited at 890 nm and collected with a 550/100 nm bandpass filter, while CD86-PE
fluorescence was excited at 1050 nm and collected with a 650/47 nm filter.

3.3.8 mRNA Isolation, cDNA Synthesis and real time-quantitative PCR (RT-gPCR)

To assess heterogeneity in macrophage polarization and confirm expected functional phenotypes,
expression levels of genes specific to broad macrophage classes (i.e., M1-like, M2-like, mixed phenotypes)
were analyzed by qPCR. For 2D cultures, separate cultures of MO, M(IFN-y), M(IL4/IL13) RAW 264.7
macrophages were maintained in 6-well plates prior to mRNA extraction. For 3D cultures, RAW264.7
macrophages or THP-1 monocytes were cultured alone or with breast cancer cells in the 3D Stacks
microfluidic platform. For all experiments, mMRNA was extracted at 24, 48 and 72 hours using a
Dynabeads™ mRNA DIRECT™ Purification Kit (Thermo Fisher, 61012). Purified mRNA was quantified
using a Qubit fluorometer (Thermo Fisher) and a Qubit™ RNA BR Assay Kit (Thermo Fisher, Q10210).
MRNA was reverse transcribed using RT2 PreAMP cDNA synthesis kit (Qiagen, 330451). The prepared
cDNA was preamplified using the RT? PreAMP Primer Mix for Human and Mouse PCR Array (Qiagen,
PBH-1817). cDNA was analyzed by RT-gqPCR using a Qiagen RT2 profiler custom panel (Qiagen, PAHS-
1817, CLAM3313, CLAH36077) following supplier instructions. Gene lists for mouse and human

experiments are reported in Table A.2.
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3.3.9 Population density modeling

Population density modeling of single-cell metabolism was used to observe differences in
macrophage heterogeneity across 2D polarized cultures and 3D tumor-macrophage cultures over time.
Frequency histograms were generated based on single-cell metabolic autofluorescence measurements
across samples. Multiple Gaussian probability density functions were fit to each distribution histogram to
identify the presence of sub-populations with distinct metabolic activity®’. Accurate sub-population
identification was evaluated by iteratively increasing the number of fitted Gaussian curves and calculating
the Akaike Information Criterion (AIC) for each iteration®®8. The number of fitted Gaussians yielding the
lowest AIC value indicate the optimal fit conditions and number of sub-populations per sample®”:,
3.3.10 Statistics

Tukey’s tests for non-parametric, unpaired comparisons were performed to assess differences in
autofluorescence variables between 2D cytokine-stimulated cultures and 3D monoculture and co-culture
conditions over 72 hours. Multiple student’s t-tests were performed to assess significance of fold change
differences represented as volcano plots for redox ratio changes in 2D macrophage populations in response
to metabolic inhibitors and gene expression changes with respect to MO conditions for 2D mouse
macrophages or monoculture for 3D mouse and human macrophages. Coefficient of variation was
calculated to evaluate variability across 3D mouse monocultures and co-cultures over 72 hours. The non-
parametric, squared-ranks test was performed to assess the equality of coefficients of variation between
monoculture and co-culture groups (MATLAB, SquaredRanksTest)%"0, Metabolic autofluorescence results
are represented as line plots, dot plots, or bar graphs plotted in GraphPad. Heatmaps of autofluorescence
variables with respect to depth were generated in MATLAB.
3.4 Results
3.4.1 Microscale 3D co-culture and metabolic autofluorescence imaging provide innovative and
complementary tools to monitor 3D changes in macrophage metabolism within the TME

Autofluorescence imaging can non-destructively monitor live, single-cell metabolism and 3D

migration, while 3D microscale co-cultures reliably model tumor complexity with selective environmental
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control and high-throughput capabilities. Specifically, the Stacks 3D microfluidic system enables multi-
cellular cultures with minimal biological material, flexible configuration, and well-characterized
environmental gradients?’. The Stacks system was combined with metabolic autofluorescence imaging to
monitor tumor-mediated changes in macrophage metabolism and migration (Figure 3.1A)?". Microscale 3D
co-cultures of tumor cells and macrophages were established in the Stacks 3D system using primary human
cancer cells, and cell lines from mouse and human origin (Figure 3.1A). A collagen-based ECM was
polymerized within each well, then monocytes/macrophages were seeded with (co-culture) or without
(monoculture) breast cancer cells at the opposing end of the ECM layer (Figure 3.1A). Both the metabolic
autofluorescence and microfluidic culture technologies were validated by imaging macrophages in 2D
culture with standard stimulation techniques and in 3D co-cultures of macrophages alone in the Stacks 3D
system (Figure 3.1B). Finally, the metabolic dynamics of tumor-stimulated macrophages were
characterized by collecting  NAD(P)H and FAD autofluorescence image volumes of
monocytes/macrophages migrating across the ECM at 24, 48, and 72 hours (Figure 3.1C). Overall, this
approach provides unique, quantitative imaging of macrophage spatiotemporal dynamics in the TME that
cannot be achieved with conventional assessments that lack single-cell resolution, 3D complexity, and/or

non-destructive monitoring capability.
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Figure 3.1: Metabolic autofluorescence imaging of macrophages in the Stacks 3D microscale co-
culture system. Illustration of experimental workflow showing (A) design of the Stacks 3D co-culture
of macrophages/monocytes and tumor cells from primary patient samples, along with cell lines of mouse
and human origin, (B) validation of metabolic autofluorescence imaging in 2D culture with standard
stimulations and in Stacks 3D microscale system with macrophages alone, and (C) metabolic
autofluorescence imaging of 3D migration and single-cell metabolism for macrophages in the Stacks
3D microscale co-culture system.
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3.4.2 Metabolic imaging validation: macrophage stimulation in 2D in vitro culture

To establish the sensitivity of metabolic autofluorescence imaging to distinct macrophage
phenotypes, metabolic autofluorescence measurements were first validated in 2D cultures of RAW264.7
mouse macrophages stimulated with IFN-y (M(IFN-y): anti-tumor M1-like phenotype), IL-4/IL-13
(M(IL4/1L13): pro-tumor M2-like phenotype), or without cytokine stimulation (MO: naive macrophages).
Macrophages were maintained in cytokine-supplemented media and imaged over 24-72 hours.
Autofluorescence imaging of NAD(P)H and FAD demonstrates time-dependent differences in M(IFN-vy)

and M(1L4/1L13) macrophages (Figure 3.2A). M(IFN-y) macrophages have increased redox ratio compared
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to M(1L4/1L13) macrophages, with the greatest redox ratio differences at 72 hours post-polarization (Figure
3.2A). Individual M(IFN-y) and M(IL4/IL13) macrophages have heterogeneous NAD(P)H and FAD
lifetimes across fields-of view at all timepoints. A flattened, cuboid structure was observed for M(IFN-y)
macrophages, whereas M(IL4/1L13) macrophages extended outward with spindle projections, consistent
with reported morphology of polarized macrophages (Figure 3.2A)™. These known subset-specific
morphological changes become more pronounced over time (Figure 3.2A). Staining for common M1-like
and M2-like surface proteins (CD86 and CD206, respectively) show increasing CD86 expression in M(IFN-
v) macrophages across the 72 hour time course, while M(1L4/IL13) macrophages have stronger CD206
expression (Figure 3.2A).

Quantitative autofluorescence measurements were then compared between M0, M(IFN-y) and
M(1L4/1L13) macrophages over the 72 hour time course to determine whether metabolic autofluorescence
can distinguish macrophage polarization states. The redox ratio was significantly different (p<0.0001)
between MO, M(IFN-y) and M(IL4/IL13) macrophages at 48 and 72 hours post-polarization (Figure 3.2B).
M(IFN-y) macrophages had decreased (p<0.0001) NAD(P)H mean lifetime (tm) at 24 and 72 hours
compared with MO and M(IL4/IL13) macrophages (Figure 3.2C). However, at 48 hours, M(IFN-y) and
M(IL4/IL13) macrophages had similar NAD(P)H tm (p>0.05). Significant differences in FAD tyacross all
three macrophage conditions were only observed at 24 hours post-stimulation (p<0.05,0.001) (Figure
3.2D). The short (t1) and long lifetimes (12) and their relative contribution (o) for NAD(P)H and FAD
influence changes in tm Over the time course (Figure A.1A-F).

Metabolic inhibitors were used to confirm observed autofluorescence differences between M(IFN-
v) and M(IL4/IL13) macrophages. Glycolysis, oxidative phosphorylation, and fatty acid oxidation were
inhibited with 2-deoxyglucose, sodium cyanide, and etomoxir, respectively. Fold changes in redox ratio
with respect to untreated controls with the same stimulation are shown in Figure 3.2E. Inhibition of
glycolysis decreased the redox ratio of M(IFN-y) macrophages to a greater degree than M(IL4/IL13)
macrophages (Figure 3.2E), consistent with published studies that show increased reliance on glycolysis

for these anti-tumor, M1-like macrophages compared to pro-tumor, M2-like macrophages'**°. Conversely,
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M(IL4/1L13) macrophages showed greater increases in redox ratio than M(IFN-y) macrophages with
inhibition of oxidative phosphorylation and fatty acid oxidation (Figure 3.2E). This is consistent with prior
studies that show increased reliance on oxidative phosphorylation and fatty acid oxidation in M2-like
macrophages compared to M1-like macrophages!**°. Fold changes are statistically significant between
control and inhibitor-treated conditions across all treatments (Table A.1). Fold change of both NAD(P)H
and FAD mean lifetimes with inhibitors are shown in Figure A.1. These findings agree with previous studies
reporting upregulation of glycolysis in M1-like macrophages, while M2-like macrophages preferentially
shift towards a more oxidative metabolic state>®12141%  Collectively, these results demonstrate that

metabolic autofluorescence imaging can assess macrophage phenotype and metabolism.
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Figure 3.2: Metabolic autofluorescence imaging is sensitive to temporal changes in macrophage
metabolism in 2D culture. A) Representative optical redox ratio, NAD(P)H and FAD mean lifetime
(tm) images of RAW 264.7 macrophages cytokine-stimulated to M(IFN-y) (anti-tumor M1-like
phenotype), M(IL4/IL13) (pro-tumor M2-like phenotype), or unstimulated (MO naive phenotype).
Representative immunofluorescence images show surface expression of known M1-like and M2-like
macrophage markers (CD86, CD206). Scale Bar = 50 um. Quantitative analysis of B) redox ratio and
mean lifetimes (tm) of C) NAD(P)H and D) FAD show dynamic metabolic changes during continued
exposure to cytokines. ** ***  Fkx*kxp<()(01,0.001, 0.0001 vs. MO; 1, TTit p<0.01,0.0001 wvs.
M(IL4/1L13). Metabolic characterization was performed via inhibition with E) 2-deoxyglucose (2DG,
glycolysis inhibitor), etomoxir (ETO, fatty acid oxidation inhibitor), and sodium cyanide (NaCN,
oxidative phosphorylation inhibitor). Reported values are fold change of redox ratio with respect to MO
control under the same polarization conditions.
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Population density modeling of single-cell redox ratios was performed to determine whether
metabolic autofluorescence imaging can resolve macrophage heterogeneity. Population density curves
revealed heterogeneous metabolic sub-populations of macrophages across conditions and time points
(Figure 3.3A-C). All stimulation conditions and time points have a narrow population of cells with similarly
low redox ratio along with a second population of cells with a broad range of higher redox ratios (Figure
3.3A-C). These distributions illustrate the heterogeneous metabolic state of macrophages on a single-cell
level. Population distributions overlap between MO, M(IFN-y), and M(IL4/IL13) conditions, which
highlights a continuum of metabolic activity between conditions. M(IFN-y) and M(IL4/IL13) macrophages
also exhibited greater variability compared to MO macrophages at 24 and 72 hours (Table A.3). Increasing
numbers of sub-populations are observed from population distribution analysis of single-cell NAD(P)H and
FAD tm during macrophage stimulation, highlighting substantial heterogeneity in enzyme binding activity
(Figure A.IM-R).

Heterogeneity in macrophage function within stimulation conditions (M(IFN-y) or M(IL4/IL13))
was further assessed from gene and protein expression. Immunofluorescence was quantified from images
of M(IFN-y) and M(IL4/IL13) macrophages stained for CD86 and CD206 expression (Figure 3.3D). Both
stimulation conditions have basal expression of these markers that fluctuate during polarization’. Thus, the
ratio of CD86 to CD206 expression was used to assess protein changes associated with macrophage
polarization”™. The CD86:CD206 ratio increased significantly in M(IFN-y) compared with M(IL4/IL13)
conditions by 72 hours, while heterogenous expression was observed at earlier time points (Figure 3.3D).
Gene expression of cytokines and other mediators of inflammation (Table A.2) were also measured with
gPCR to assess macrophage function across 24-72 hours of stimulation (Figure 3.3E-F). Ccl2 and Ccl5
expression and downregulation of IL10 and Ptgs2 in M(IFN-y) conditions at 72 hours indicates polarization
towards M1-like phenotype (Fig 3.3E). IFN-y stimulation at 72 hours also upregulated mixed phenotype
1112b, IL6, Ccl22 and Nos2 and M2-like gene, Stat3. Accordingly, IL-4/IL-13 stimulation gradually
upregulated IL10 and Ptgs2 while 111b and Vegfa were significantly downregulated by 72 hours, confirming

M2-like polarization (Figure 3.3F). Variability in expression of M1-like, M2-like, and mixed phenotype
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genes at 24- and 48-hours of stimulation suggests incomplete polarization at earlier time points (Figure

3.3E-F).
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Figure 3.3: Metabolic autofluorescence measurements resolve metabolic heterogeneity linked to
heterogeneous 2D cytokine-stimulated macrophage polarization. Population density modeling of
redox ratios per cell illustrates heterogeneous macrophage metabolism at A) 24 hours, B) 48 hours, and
C) 72 hours of stimulation. Two distinct sub-populations of cell metabolism are present for each time
point and stimulation condition. Expression levels of known M1-like and M2-like macrophage markers
(CD86, CD206) were quantified for MO, M(IFN-y), and M(IL4/IL13) macrophages at D) 24 hours, 48
hours and 72 hours; ** p<0.01, ***p<0.001. Expression levels of M1-like and M2-like genetic markers
for E) M(IFN-y), and F) M(IL4/IL13) conditions were evaluated with qPCR at 24 hours, 48 hours, and
72 hours following stimulation.

3.4.3 Evaluating non-specific effects of 3D Stacks co-culture system on macrophage metabolism and

migration

The Stacks system was previously characterized for diffusion gradients and cell viability, survival,

and recruitment?’. To determine non-specific changes in metabolism within the Stacks system, metabolic

activity of macrophages 1 hour after seeding was assessed for RAW?264.7 macrophage monocultures and

RAW?264.7+PyVMT mouse breast carcinoma co-cultures. Autofluorescence measurements were not
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significantly different between monocultured macrophages and co-cultured macrophages, confirming that
macrophages were similar for both conditions at the time of seeding (Figure A.2A-C). Additionally,
RAW?264.7 macrophages were seeded on both ends of the ECM layer to account for non-specific
macrophage migration in the 3D Stacks system without tumor stimulation. Minimal change in macrophage
migration was detected over 72 hours within macrophage-macrophage cultures (Figure A.2D-F). Overall,
this data suggests that changes in macrophage migration and metabolism in co-culture at later time-points
are due to tumor-specific signaling.
3.4.4 Mouse macrophage metabolism and migration using 3D metabolic imaging and tumor microscale
Stacks system

Next, metabolic autofluorescence was characterized in microfluidic cultures of mouse Polyoma-
Middle T Virus (PyVMT) mammary carcinoma and mouse RAW264.7 macrophages over a 72 hour time-
course. Redox ratio, NAD(P)H tr and FAD 1 Of co-cultured macrophages from a representative z-plane
(migration distance = 6 um) are visually distinct from monocultured macrophages at the same z-plane as
early as 24 hours post-seeding (Figure 3.4A). Morphological differences also emerge between
monocultured and co-cultured macrophages over the 72 hour time course. Co-cultured macrophages were
larger than monocultured macrophages and adopted a mixture of flat, cuboidal or elongated, spindle-like
morphologies, commonly observed for polarized macrophage states (Figure 3.4A)™. Quantitative
autofluorescence measurements more clearly capture metabolic changes across 3D macrophage cultures.
Significant differences in NAD(P)H tm and FAD tm Were observed between monocultured and co-cultured
macrophages at 24, 48 and 72 hours, while the redox ratio of co-cultured macrophages significantly
decreased only at 72 hours compared to monoculture conditions (Figure 3.4C-E). The redox ratio gradually
decreased over 72 hours of co-culture with tumor cells (Figure 3.4C), while NAD(P)H and FAD 1t did not
significantly change over time (Figure 3.4D&E). Further changes in NAD(P)H and FAD lifetime
components were also observed over the co-culture time course (Figure A.3A-F).

Genetic heterogeneity between macrophages within 3D co-cultures was evaluated by gPCR for a

gene panel associated with M1-like, M2-like, and mixed macrophage phenotypes (Table A.2)™. Minimal
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changes in gene expression of select M1-like, M2-like, and mixed phenotype genes were observed between
monocultured and co-cultured macrophages at early time points (Figure 3.4B). However, 72 hours of co-
culture resulted in significantly increased expression across Ccl2, Ccl5, and 1L23a (M1-like), Vegfa and
Stat3 (M2-like), and IL6 (mixed phenotype) (Figure 3.4B). Additionally, 1112b was significantly
downregulated in co-cultured macrophages at 72 hours (Figure 3.4B). Heterogeneity during RAW264.7
macrophage polarization in response to PyVMT tumor cell co-culture was also quantified with population
density modeling of cell-level metabolic autofluorescence over the 72-hour imaging time course (Figure
3.4F-H). Two distinct redox ratio sub-populations of macrophages are present in co-culture at the 24 hour
and 72 hour time points, and in monoculture at 24 and 48 hours (Figure 3.4F&H). Variability in redox ratio
of macrophage monocultures is less than co-cultures at all time points (Table A.3). Heterogeneity in enzyme
binding activity is reflected in single-cell NAD(P)H and FAD 1 distributions, which also detect
macrophage sub-populations during stimulation (Figure A.3G-L). These results demonstrate that this 3D
tumor co-culture can stimulate heterogeneous changes in macrophage gene expression (Figure 3.4B) that
may contribute to the metabolic heterogeneity between individual macrophages that is exclusively captured

with metabolic autofluorescence measurements (Figure 3.4F-H).
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Figure 3.4: Metabolic autofluorescence imaging of mouse macrophages within 3D Stacks tumor
co-cultures. A) Representative autofluorescence images (z-plane distance: 6 pm) demonstrate
qualitative differences in the redox ratio, NAD(P)H and FAD mean lifetimes (tm) of RAW264.7
macrophages in co-culture with PyVMT mouse mammary tumor cells. Scale bar = 50 um. B) Gene
expression levels of M1-like and M2-like markers were evaluated for monocultured and co-cultured
macrophages at 24, 48, and 72 hours using gPCR. Upregulation of both M1-like and M2-like genes were
observed in co-cultures by 72 hours, demonstrating heterogeneity in macrophage polarization in
response to tumor stimulation. Quantitative analysis of C) redox ratio, D) NAD(P)H tm, and E) FAD 1t
highlight dynamic metabolic changes in macrophages during prolonged tumor-macrophage co-culture.
Monocultured macrophages were not significantly different (p>0.05) across time points, so only the 24
hour monoculture is shown above. Significant differences in NAD(P)H and FAD rt are observed
between monocultures and co-cultures, as early as 24 hours post-seeding. Additionally, macrophage co-
cultures exhibit a gradual decline in redox ratio over time, consistent with transition to a more oxidized
state; ** *** **** n<(,01,0.001,0.001 vs. monoculture, 1+ p<0.001. Population density curves of
single-cell redox ratios in monocultures and co-cultures at F) 24 hours, G) 48 hours, and H) 72 hours
demonstrate variable cellular-level heterogeneity in co-cultured macrophages over time in
monocultures.
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Next, mouse macrophage metabolism was monitored during migration toward the tumor layer
within 3D co-cultures by acquiring volumes of metabolic autofluorescence images spanning the
macrophage layer. Heatmaps of optical redox ratio at each z-plane show that macrophage metabolism and
migratory distance vary over the 72 hour time course (Figure 3.5A). Heatmaps of NAD(P)H tm and FAD
Tm With migration distance are represented in Figure A.3. The number of macrophages within each z-plane
(depth increments of 3 um) was divided by the total number of macrophages within each image volume to
guantify the migration distance of macrophages over time (Figure 3.5B-D). Monocultured macrophages
exhibited minimal migration from the seeding plane, whereas co-cultured macrophages migrated further
into the ECM toward the tumor layer especially at 24 and 48 hours (Figure 3.5B&C). Therefore, the
maximum migration distance for the monoculture condition was used to threshold passive from active
macrophage migration at each time point (Figure 3.5B-D)". Actively-migrating macrophages in co-culture
have lower redox ratio at all time points, suggesting that these macrophages shift towards oxidative
metabolism to enhance migration in the tumor microenvironment (Figure 3.5E). Additionally, NAD(P)H
Tm decreases in actively-migrating macrophages at 24 and 48 hours, while FAD 1, increases significantly
at 72 hours (Figure 3.5F&G). These results highlight the combination of metabolic autofluorescence
imaging and 3D Stacks co-culture to reveal novel relationships between metabolic activity and macrophage

migration.
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Figure 3.5: Microscale tumor co-cultures regulate mouse macrophage metabolism and migration
over time. A) Representative heatmaps show changes in optical redox ratio with z-plane and time within
monocultured, “M”, and co-cultured, “C”, macrophages. Cell density distributions of migration distance
identify a distinct sub-population of actively-migrating RAW264.7 macrophages in the PyVMT mouse
mammary tumor co-culture condition at B) 24 hours, C) 48 hours, and D) 72 hours. Passively- and
actively- migrating macrophage populations were defined in co-cultures over 72 hours to observe time-
dependent relationships between E) redox ratio, F) NAD(P)H tn, and G) FAD tr and migratory activity.
Actively-migrating populations exhibit lower redox ratio than passive-migrating populations at all time
points, suggesting macrophages undergo a metabolic switch during migration;****p<0.0001 vs passive
migration.

3.4.5 Human macrophage metabolism and 3D migration in response to patient-derived breast cancer
cells

THP-1 human monocytes were cultured alone or with patient-derived IDC cells, and metabolic
autofluorescence changes were measured over 72 hours. Qualitative redox images from a representative z-
plane (migration distance = 12 um) highlight cell-level heterogeneity in redox ratio and lifetimes for co-
cultures compared to monoculture (Figure 3.6A). Increased cell and nucleus size are observed in co-
cultured cells, consistent with reported morphological differences between human monocytes and activated

macrophages (Figure 3.6A). Expression of M1-like and M2-like macrophage signature genes demonstrate
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heterogeneity in macrophage phenotype for human co-cultures 778, 24 hours of co-culture significantly
upregulated only IL1B, while expression of TNF and PTGS2 significantly decreased in 48 hour co-cultures
(Figure 3.6B). Mixed phenotype genes were variably expressed at both 24 and 48 hours (Figure 3.6B).
Conversely, mixed phenotype 1L12B, TGFB1, CSF1, NOS2, IL10 was upregulated after 72 hours co-
culture with patient-derived tumor cells (Figure 3.6B). IL1B, TNF (M1-like) and CCL22, VEGFA, PTGS2
(M2-like) were also significantly increased by 72 hours (Figure 3.6B). Quantitative autofluorescence
measurement showed monocyte-derived macrophages in co-culture have significantly higher redox ratio at
48 hours (Figure 3.6C), no change in NAD(P)H tn, at any time point (Figure 3.6D), and significantly lower
FAD 1, at all time points compared to monoculture (Figure 3.6E). NAD(P)H and FAD lifetime components
were also affected by tumor co-culture (Figure A.4A-F). In contrast, the time course of autofluorescence
changes in THP-1 human monocytes in co-culture with a triple negative breast cancer cell line (MDA-MB-
231, Figure A.5) substantially differs from patient-derived IDC co-cultures (Figure 3.6), highlighting breast
cancer cell origin as a source of variability in monocyte-derived macrophage metabolism. These findings
demonstrate variation in tumor-mediated monocyte activation and macrophage polarization across species,
culture in 2D vs. 3D, and breast tumor sub-types, which highlights the unique insights enabled by

combining 3D Stacks and autofluorescence imaging technologies.
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Figure 3.6: Metabolic autofluorescence imaging captures human monocyte-derived macrophage
metabolism in 3D Stacks co-cultures with primary human invasive ductal carcinoma. A)
Representative images (z-plane distance: 12um) display qualitative changes in redox ratio, NAD(P)H
Tm, and FAD 1, between monoculture and co-cultures over 72 hours. Scale bar = 50 pum. B) Gene
expression changes in co-cultured monocyte-derived macrophages over 24, 48, and 72 hours measured
from qPCR. Changes are reported as log fold change with respect to the average of the monoculture
condition for each measurement and time point. Metabolic changes in human THP-1 monocytes were
guantified following co-culture with primary human IDC: C) Redox ratio, D) NAD(P)H tm, and E) FAD
Tm. **,**** n<(0.01,0.0001 vs. monoculture; 7, 111 p<0.01,0.0001.

Tumor-mediated migration was also assessed in 3D co-cultures of primary IDC and THP-1
monocytes. Heatmaps of redox ratio changes with z-plane show increased migration in co-culture
conditions and decreased redox ratio in macrophages localized closer to the tumor at 72 hours (Figure
3.7A), similar to the behavior of RAW264.7 cells (Figure 3.5A). NAD(P)H and FAD 1 of macrophages
also vary with time and z-plane (Figure A.4G-H). Monocyte-derived macrophages stimulated in co-culture

exhibited substantial migration towards the tumor layer at all time points, in contrast to monocytes in
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monoculture (Figure 3.7B-D). Passively- and actively-migrating macrophages were then defined based on

monoculture migration distances at each time point (Figure 3.7B-D). Both the redox ratio and FAD 1, of

actively-migrating macrophages co-culture were higher at early time points compared to passively-

migrating macrophages, but gradually declined over 72 hours (Figure 3.7E&G). Actively-migrating

macrophages in co-culture also have decreased NAD(P)H 1 at 24 and 72 hours (Figure 3.7F). Overall,

these results establish the versatility of the platform to address the challenge of evaluating dynamic

macrophage function in the human TME.
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Figure 3.7: Spatial and temporal metabolic changes of human monocyte-derived macrophages in
co-culture with primary human invasive ductal carcinoma. A) Representative heatmaps depicting
changes in redox ratio with z-plane. Co-cultured macrophages, “C”, exhibit greater migratory activity
and gradual decreases in redox ratio over time compared to monocultured macrophages, “M”.
Representative cell density distributions reveal significant monocyte-derived macrophage migration in
response to tumor co-culture, with a large population of actively-migrating macrophages at B) 24 hours,
C) 48 hours, and D) 72 hours. Differences in E) redox ratio, F) NAD(P)H tm, and G) FAD tr, between
actively- and passively-migrating populations were quantified at each time point. *** ****
p<0.001,0.0001 vs. passive migration.
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3.5 Discussion

Macrophage plasticity leads to frequent shifts in function and metabolism in the TME, resulting in
heterogeneous tumor-associated macrophage populations'#2’®, Here, we show that metabolic
autofluorescence imaging can monitor macrophage heterogeneity during polarization and migration within
a 3D microfluidic model of the TME. Metabolic autofluorescence imaging enables non-destructive
monitoring of metabolic changes in individual, live cells within 3D in vitro cultures and in vivo
tumors31:333439-42505180 - Additionally, 3D microfluidic culture systems, such as the Stacks microfluidic
device used in this study, provide simple platforms to recapitulate dynamic environmental conditions that
characterize in vivo tumors (e.g., hypoxia, acidosis, nutrient starvation) and are powerful to study primary
human cells in an in vivo-like environment® 2. Previous studies have shown that metabolic
autofluorescence can identify macrophages in 2D cultures and in vivo but have not explored spatiotemporal
heterogeneity in macrophage metabolism within the TME 34414253 This is the first study to monitor cell-
level macrophage metabolism in microfluidic models of intact TME. Here, we quantify metabolic
heterogeneity of macrophages in the Stacks 3D microdevice platform using autofluorescence imaging to
provide novel insights into spatiotemporal heterogeneity of macrophages in the TME.

Temporal changes in microenvironment conditions affect macrophage metabolism and function,
so this study quantified time-dependent changes in macrophage autofluorescence within microfluidic 3D
tumor co-cultures. This study first confirmed that metabolic autofluorescence imaging can quantify changes
in macrophage metabolism and distinguish macrophage sub-populations within intact, living samples.
Differences in NAD(P)H and FAD autofluorescence were first observed in 2D cytokine-stimulated
macrophages over 72 hours and reflected the expected metabolic shifts for M(IFN-y) and M(IL4/IL13)
macrophages (Figure 3.2)%%°. This result is consistent with previous metabolic flux and metabolite
accumulation studies showing increased glycolysis in LPS- or IFN-y+TNF-a-stimulated (M1-like)
macrophages and increased TCA cycle in IL-4-stimulated (M2-like) macrophages, as well as NAD(P)H
lifetime studies distinguishing -y/LPS-treated and IL-4/IL-13 treated mouse bone marrow-derived

macrophages (BMDMs)*. Next, RAW264.7 macrophages co-cultured in 3D with PyVMT breast cancer
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displayed changes in redox ratio consistent with metabolic changes from tumor stimulation in previous
studies (Figure 3.4A&C)%. Differences in redox ratio and fluorescence lifetime measurements were
observed between RAW264.7 macrophages in cytokine-stimulated 2D cultures (Figure 3.2B-D) and tumor-
stimulated 3D cultures (Figure 3.4C-E), consistent with reported differences in intracellular metabolite
concentration and metabolic flux based on stimulation condition (e.g., cytokines, tumor conditioned media)
and culture in 2D vs. 3D%2, Additionally, 3D co-cultured RAW264s exhibited heterogeneous cell-level
autofluorescence and pooled gene expression (Figure 3.4B, F-H). This is consistent with reported time
courses of metabolic and genetic changes in co-cultures of tumor cells and monocytes or macrophages®.
Furthermore, the genetic and metabolic heterogeneity observed here is supported by recent studies that
similarly show tumor-associated macrophages adopt a mixture of M1-like and M2-like characteristics and
functions®-%. This reinforces a model of tumor-associated macrophages with diverse phenotypes®, which
can be further explored using the methods demonstrated here. Ultimately, these studies show that metabolic
autofluorescence imaging is sensitive to heterogeneity in macrophage function and metabolism within 3D
models of the TME.

Microfluidic culture is also attractive for mimicking the 3D spatial structure of the TME.
Accordingly, multi-photon excitation of metabolic autofluorescence enables cellular-resolution imaging in
thick, scattering samples to monitor environmental gradients and spatial heterogeneity in 3D tumor
models*"1%°, Therefore, we measured metabolic heterogeneity of RAW264 macrophages with 3D migration
during co-culture with PyVMT tumor cells (Figure 3.5). Macrophages in co-culture exhibited greater
migration across the ECM layer over 72 hours compared to monocultured macrophages, which was shown
to be a tumor-specific behavior (Figure 3.5A-D, Figure A.2D-F,3M-N). Previous studies suggest that mouse
macrophages often exhibit random migration during chemotaxis'®®. This is consistent with our observations
of mouse macrophage migration (Figure 3.5A-D). Prior studies have also shown that M2-like macrophages
are typically more migratory, which is consistent with the oxidative metabolic shift in mouse macrophages

localized closest to the tumor layer (actively-migrating) (Figure 3.5E-G)°21%, OQverall, metabolic
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autofluorescence imaging and microfluidic models of 3D microenvironment illustrate tumor-driven
spatiotemporal changes in macrophage metabolism.

An important advantage of the Stacks system is the use of primary human cells for studies of human
tumor-immune interactions. We highlighted this advantage with 3D co-cultures of primary IDC and THP-
1 monocytes (Figure 3.6). Previous studies have shown that human THP-1 monocytes will differentiate and
preferentially polarize to M2-like macrophages as early as 48 hours after treatment with tumor-conditioned
medial®1%, This is consistent with redox ratio changes of THP-1s in co-culture with primary tumor cells
(Figure 3.6C). The late oxidative, M2-like switch captured by the redox ratio is also consistent with previous
reports of 2D differentiated THP-1 cells exposed to IL-4 (M2-like) cytokine stimulation®**. Co-cultured
THP-1s also migrated farther across the ECM than monocultures over 72 hours (Figure 3.7A-D). Human
macrophages and monocytes exhibit strong directional migration toward chemotactic gradients (Figure
3.7B-D), consistent with our observations of human macrophage and monocyte migration®”. The redox
ratio of actively-migrating human macrophages increased at 24 hours and gradually declined over 72 hours
(Figure 3.7E-G), consistent with reports of upregulated glycolytic metabolism prior to oxidative shifts in
human macrophages during chemoattractant-induced migration'®. These studies indicate that metabolic
autofluorescence imaging in human tumor-macrophage microfluidic cultures provides a valuable platform
to characterize novel spatiotemporal dynamics of macrophage metabolism within the human TME.

Overall, we have established a novel, single-cell imaging and 3D microfluidic culture platform to
monitor the spatial and temporal dynamics of macrophage metabolism within the TME. Autofluorescence
imaging of 3D tumor-macrophage co-cultures characterized metabolic heterogeneity with tumor-mediated
macrophage polarization and migration. This approach could be used to evaluate metabolic heterogeneity
in more complex 3D microscale cultures with additional immune cells, stromal cells, and vasculature.
Furthermore, direct manipulation of environmental gradients (e.g., oxygen, nutrients, pH) during culture
and imaging could assess the relationship between environmental pressures and macrophage metabolism,
function, and organization. Ultimately, these tools may improve our understanding of cellular heterogeneity

and metabolism in the TME, and their effects on tumor progression and treatment response.
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CHAPTER 4

QUANTITATIVE SPATIAL ANALYSIS OF METABOLIC HETEROGENEITY
ACROSS IN VIVO AND IN VITRO TUMOR MODELS

4.1 Abstract

Metabolic preferences of tumor cells vary within a single tumor, contributing to tumor
heterogeneity, drug resistance, and patient relapse. However, the relationship between tumor treatment
response and metabolically distinct tumor cell populations is not well-understood. Here, a quantitative
approach was developed to characterize spatial patterns of metabolic heterogeneity in tumor cell
populations within in vivo xenografts and 3D in vitro cultures (i.e., organoids) of head and neck cancer.
Label-free images of cell metabolism were acquired using two-photon fluorescence lifetime microscopy of
the metabolic co-enzymes NAD(P)H and FAD. Previous studies have shown that NAD(P)H mean
fluorescence lifetimes can identify metabolically distinct cells with varying drug response. Thus, density-
based clustering of the NAD(P)H mean fluorescence lifetime was used to identify metabolic sub-
populations of cells, then assessed in control, cetuximab-, cisplatin-, and combination-treated xenografts
13 days post-treatment and organoids 24 h post-treatment. Proximity analysis of these metabolically distinct
cells was designed to quantify differences in spatial patterns between treatment groups and between
xenografts and organoids. Multivariate spatial autocorrelation and principal components analyses of all
autofluorescence intensity and lifetime variables were developed to further improve separation between
cell sub-populations. Spatial principal components analysis and Z-score calculations of autofluorescence
and spatial distribution variables also visualized differences between models. This analysis captures spatial
distributions of tumor cell sub-populations influenced by treatment conditions and model-specific
environments. Overall, this novel spatial analysis could provide new insights into tumor growth, treatment
resistance, and more effective drug treatments across a range of microscopic imaging modalities (e.g.,

immunofluorescence, imaging mass spectrometry).
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4.2 Introduction

Cancer cells within a single tumor have heterogeneous function and phenotype?!, resulting in
unpredictable progression and treatment response?. However, the relationship between these diverse cell
populations and global tumor activity is not well-understood. Furthermore, treatment response is altered by
interactions between tumor cell populations and their microenvironment. Changes in the tumor
microenvironment can contribute to increased tumor cell heterogeneity, directing these cells to adapt
genetic, epigenetic, and metabolic processes for growth and survival®. These cell-level adaptations could
include mechanisms of drug resistance, so an understanding of cell-level tumor heterogeneity could provide
insight into more effective cancer treatments. Experimental tumor models are crucial for investigating
effects of tumor heterogeneity in cancer progression and drug development. Mouse models are commonly
used because they are well-characterized and maintain in vivo tumor conditions. 3D organotypic cultures
(i.e., organoids) are a popular emerging model system because organoids offer increased throughput
compared to in vivo models, while maintaining key features of the original tumor, including drug response*.
Both models enable microscopic imaging of tumor cell function and metabolic activity. These models also
provide well-defined systems to test new methods for quantifying heterogeneity in tumor cell function.
Quantifying spatial functional heterogeneity within in vivo mouse models and in vitro tumor organoids
could establish a link between global tumor drug response and tumor cell heterogeneity, while highlighting
differences between in vivo and in vitro 3D model systems. This link between cell-level behavior and
overall tumor response would provide fundamental insight toward developing new treatments that target
multiple cell sub- populations, and comparisons between 3D cell culture and in vivo systems could inform

on the best use of each model system.

Cell-level spatial relationships influence macroscale tumor behavior, but quantitative analysis of
tumor microscopic spatial structure has been limited®. Mathematical modeling has shown promise in
simulating tumor spatial heterogeneity but may not account for all biological adaptions that occur within

the tumor®.Alternatively, spatial analysis of experimental models can account for the physical location of
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observations to quantify local distributions and spatial associations within data, including microscopic
images’. Computational biological image analysis provides quantitative insight into cellular activity (8, 9),
and pre-existing data sets provide a readily available source of annotated data to develop and validate these
image analysis tools'®2, A subset of these methods includes population clustering, which can identify
distinct cell populations within images, and proximity measurements, which define cellular organization
within and between these distinct cell populations®. Spatial autocorrelation also provides a measure of
similarity within local cell neighborhoods through comparisons between single cell measurements and
averages across neighboring cells, and can be adapted for multivariate assessment™ 4, Previous studies
have used subsets of these techniques to assess qualitative spatial structure within histology sections or
fluorescently-labeled samples to describe the organization of multiple cellular compartments and correlate
to genetic profiling and prognosis>2°. However, these approaches can only provide a snapshot of the spatial
organization at a single point in time, and require sample destruction, fixation, and labeling. Furthermore,
previous studies have not investigated spatial patterns of metabolic heterogeneity at the single-cell level

within living samples, which may reflect unique sources of microenvironmental stress or drug resistance.

Novel processes governing bulk tumor behavior could be characterized by integrating analytical
approaches to assess intra-tumor spatial metabolic heterogeneity based on single-cell analysis of viable
tumor models. Tools to assess functional heterogeneity at the cellular level are needed to better understand
mechanisms that drive tumor drug response. Metabolic autofluorescence imaging can non- invasively
monitor spatial and temporal changes in cellular metabolism across intact, living 3D tumor models.
Metabolic autofluorescence imaging uses two-photon microscopy to quantify the fluorescence intensities
and lifetimes of NAD(P)H and FAD, which are metabolic co-enzymes involved in several cellular
metabolic processes?*-2%. The fluorescence properties of NADH and NADPH overlap, and are referred to
collectively as NAD(P)H. The optical redox ratio, defined as the ratio of NAD(P)H intensity to FAD
intensity, measures the oxidation-reduction state of the cell and correlates with mass spectrometry

measurements of NADH to NAD+ ratios, and inversely correlates to oxygen consumption measurements?-
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2, The fluorescence lifetimes of free and enzyme-bound NAD(P)H and FAD are distinct, and thus provide
complimentary information to the optical redox ratio, specifically on enzyme binding activity and
quenchers in the microenvironment?* 2 26. 2930 previous studies have shown that NAD(P)H lifetimes
change depending on the particular enzyme bound to NADH, indicating that that NAD(P)H lifetime reports
on shifts in enzyme activity in cells®.. Also, lifetimes of NAD(P)H correlate with intracellular NADPH to
NADH concentration ratios®?. Metabolic autofluorescence imaging has been previously demonstrated for
monitoring heterogeneous changes in cell metabolism with drug treatment in mouse models of cancer in
vivo and in 3D tumor organoids in vitro® 3% 34  Altogether, metabolic autofluorescence imaging generates
3D images at sub-cellular resolution without requiring exogenous labels, sample fixation, or sample
sectioning, and thus allows for the 3D spatial context of tumors to be maintained in living samples. Single-
cell metabolic autofluorescence measurements can quantify metabolic heterogeneity over time and space

within the same living sample and can thus relate microscopic heterogeneity to whole-tumor growth.

Here, we developed a suite of spatial statistical analysis tools to quantify the spatial diversity of
tumor cell metabolism based on metabolic autofluorescence measurements. These tools were applied to
previously published in vitro and in vivo metabolic autofluorescence data. Based on previous evidence
showing NAD(P)H mean lifetime (tm) identifies distinct tumor cell populations, density-based clustering
of NAD(P)H 1 Was used here to identify cell populations with distinct metabolic activity within xenografts
13 days post-treatment and organoids 24 hours post-treatment®® % 3¢, Maps of the clustered NAD(P)H
lifetime populations were created to qualitatively evaluate the organization of sub-populations and visualize
connectivity within and between populations. Population proximity calculations provided quantitative
metrics to describe the spatial distribution of NAD(P)H lifetime sub-populations within xenografts and
organoids. Multivariate spatial autocorrelation was then designed for all metabolic variables to improve
separation between metabolic sub-populations based on distinct spatial organization. Finally, z-score
calculations and multivariate spatial principal components analysis across all metabolic variables were used

to assess sample variability and inter-model comparisons of spatial metabolic trends. This work provides a
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novel approach to quantify spatial patterns in cell function across in vivo and in vitro tumor models with
broad applicability to additional single-cell imaging datasets, such as microscopy images using fluorescent

probes or imaging mass spectrometry®-,

4.3 Materials and Methods

Recurring abbreviations are listed in Table B.1.

4.3.1 Head and Neck Cancer Xenograft Model

Mouse xenografts were grown and treated as previously described (30). Briefly, FaDu human
squamous cell carcinoma cells were injected subcutaneously in both flanks of nude mice to generate FaDu
xenografts for imaging experiments. Tumor-bearing mice received intraperitoneal injection of vehicle,
cetuximab (33 mg/kg)*® 4, cisplatin (6 mg/kg)*?, or their combination three times per week over 13 days.
Tumor growth curves show that cetuximab or cisplatin treatment alone results in stable disease (no change
in tumor volume) and their combination results in response (reduction in tumor volume), compared to
control over this 13 day treatment time- course®. Mice from each treatment group were selected for imaging
13 days post-treatment. Flank tumors in anesthetized mice were exposed by cutting away the skin layer
covering the tumor prior to transfer onto the microscope stage for in vivo imaging. All animal studies were
approved by the Vanderbilt University Animal Care and Use Committee and were designed according to
NIH animal welfare guidelines. Mice were isoflurane-anesthetized prior to any reported surgical or imaging
procedures.
4.3.2 Organoid Generation

FaDu organoids were generated according to previously reported methods®. FaDu tumors from
nude mice were excised and dissociated to generate cell suspensions for 3D cultures. Macrosuspensions
were combined with Matrigel at a 1:2 ratio by volume and plated in 100 pL droplets on 35 mm glass
bottomed imaging dishes (MatTek). Organoids were incubated overnight to solidify, then maintained in
fresh media prior to start of treatment. At 24 h prior to imaging, media was replaced with treatment-

supplemented media containing 20 nM cetuximab*, 33 UM cisplatin®* %, or their combination. 24 hours of
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these treatments results in no significant change in number of cells per organoid or organoid volume.
Previous studies demonstrate early treatment response in organoids (1-3 days) is consistent with measured
tumor growth at later timepoints (several weeks) ®. Accordingly, 24 h of treatment in organoids does
result in significant decreases in NAD(P)H tn for cisplatin, cetuximab, and cisplatin+cetuximab
(combination) treatment, which is an early indicator of treatment response consistent with later changes in
tumor volume®.
4.3.3 Metabolic Autofluorescence Image Acquisition

Measurements of fluorescence lifetime (FLIM) and intensity were acquired through a two-photon
microscope and collected with a GaAsP photomultiplier tube equipped for time-correlated single photon
counting (Becker and Hickl). NAD(P)H (750 nm) and FAD (890 nm) fluorescence were excited with a
tunable titanium-sapphire laser (Coherent). Fluorescence emission for NAD(P)H and FAD were collected
at 400-480 and 500-600nm, respectively. Intensity and FLIM images were acquired for each field of view
with 256 x 256 pixel resolution. Lifetime decay curves were integrated over a 60s total scan time with a
pixel dwell time of 4.8 microseconds. The photon count rate was maintained at ~2—-3 x 1045 photons/second
during imaging for optimal photon counting and minimal photobleaching. Each xenograft or organoid was
imaged as previously described®® “¢. For xenograft experiments, 4-6 representative fields of view were
acquired per tumor ~20-40 um from the tumor surface, with 2—-6 tumors per treatment group (~1,000—
2,000 cells per treatment group). For organoid experiments, a single image was captured several cell layers
from the surface for 4-6 individual organoids within a given treatment group (~200-400 cells per treatment
group). These imaging planes were chosen for both in vivo and in vitro imaging to avoid surface artifacts
and sample a viable region away from the necrotic core.
4.3.4 Image Analysis

Fluorescence lifetimes corresponding to free and protein-bound NAD(P)H and FAD were calculated

using SPCImage (Becker and Hickl). Measured fluorescence decay curves were deconvolved from the

instrument response and fit to the following bi-exponential model?. I(t) = a:e V1 + a,e 2 + C. Second
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harmonic generation signal from urea crystals at an incident wavelength of 900 nm was measured to
determine the instrument response function (full width at half maximum =244 ps). From this model, the
short and long lifetime components (t1, 72) and the fractional contributions of each (a1, 02) were calculated
for individual pixels across NAD(P)H and FAD images. Photon events over a 3 x 3 pixel area were binned
to improve photon count. NAD(P)H and FAD intensity images were generated through pixel-by-pixel
integration of photon count over fluorescence decay time for respective lifetime images. The per-pixel ratio
of NAD(P)H fluorescence intensity to FAD intensity was then calculated to determine the optical redox
ratio. A customized CellProfiler pipeline was used to segment individual cell cytoplasms (nucleus
excluded)®. This mask was applied to all cells per image to compute the redox ratio, mean fluorescence
lifetime of NAD(P)H (tm = aut1 + az12), FAD 1, free lifetime (t1 for NAD(P)H and 1. for FAD), protein-
bound lifetime (t. for NAD(P)H and 11 for FAD) and fractional contributions of the lifetimes (o1 and ay) for
each cell cytoplasm per image®. Note that a; + 02 = 1 so the fraction can be determined from o1 only.
Therefore, “metabolic variables” include 9 total variables: redox ratio, NAD(P)H tnm, T1, T2, a1, and FAD 1,

T1, T2, Ol1.

4.3.5 Quantitative Spatial Analysis

Analytical tools were developed to quantify spatial distributions of metabolic sub-populations
based on metabolic variables within in vitro and in vivo tumor models. These tools quantified the effects of
treatment on the spatial diversity of tumor cell metabolism. Through this approach, clustering techniques
identified functionally distinct cell populations in metabolic autofluorescence data. Additionally, spatial
statistical analysis of metabolic autofluorescence data revealed patterns in their spatial organization.
Analysis steps are briefly outlined in Figure 4.1 and discussed in detail below.

4.3.5.1 Single Variable Analysis of NAD(P)H 1 Images

Cell sub-population assignment and mapping
Previous studies have shown that NAD(P)H tn can predict drug sensitivity in FaDu tumors and

organoids, where low NAD(P)H 1 indicates response to treatment and high NAD(P)H tn indicates
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resistance® ¥, Therefore, the single variable analysis here focuses on NAD(P)H . In the current study,
NAD(P)H tm measurements were aggregated across all cells per condition prior to clustering. Kernel
density estimation of the data distribution was first used to visualize the presence of multiple cell
populations based on NAD(P)H t, (Figure 4.1A, black line; “ksdensity” in MATLAB)*". Density-based
clustering methods were then used to detect multiple cell populations within images (“densityClust” in
MATLAB)®, Cell clusters were determined from single-cell NAD(P)H tm measurements®. Similarity
matrices were calculated from pairwise differences between NAD(P)H tr values (picoseconds) across all
cells within an aggregated dataset. A local density per cell and similarity threshold between cells was
calculated as described in Rodriguez and Laio*. Cluster centers were defined as cells with a high local
density and large pairwise difference from the nearest high density cell. Each cell was then assigned to a
cluster matching the cluster assignment of the nearest high density cell. Color- coded frequency distribution
histograms visualized the bins containing cluster centers (Figure 4.1A, green bars) and separation of
populations (Figure 4.1A, red and blue bars). Clusters with lowest NAD(P)H tr, Were designated as a
“responsive” cell population while clusters with highest NAD(P)H tm were designated as a “resistant” cell
population based on previous studies relating drug response to NAD(P)H tm values®® ®, Density-based
clustering analysis was validated by comparing class assignments of two lines of breast carcinoma cells to
expert cell classification based on morphology [expert classification described in®]. Confusion matrices
and classification accuracy (>93%, Figure B.1) confirm the accuracy of density-based clustering.
Spatial proximity analysis

Proximity measures were quantified to assess the spatial distribution of cell populations within
individual images. Two cells with an inter-cellular physical distance less than the average cell diameter
(dcenn_giameter) Were defined as connected neighbors and given a weight of 1, while two cells with inter-cellular
distances greater than dcen_dgiameter (NON-neighboring cells) were weighted as 0. Weights were calculated
pairwise across all cells within an image. To incorporate population assignments from density-based
clustering, weights were kept as 1 if the cell neighbor was defined as responsive or weighted as 2 if the

neighbor was defined as resistant. These weights were also defined pairwise for each cell-neighbor
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combination. Distance matrices were generated to assess the physical distance between neighbors with
identical and dissimilar population assignments (i.e., responsive or resistant). The minimum intra-
population and inter-population physical distances (i.e., intra- and inter-population proximity) were then
determined for each cell, representing the distance to the nearest cell of identical and dissimilar population
assignment (Figures 4.1C,D). Intra-population and inter-population distances were averaged across all cells
for a given treatment for both model systems. To account for difference in scale between xenografts and
organoids, xenograft distance measurements were normalized to the width of the imaging field of view,
while organoid measurements were normalized to the organoid diameter. Additionally, centroids were
calculated for each organoid sample (“regionprops” in MATLAB) to evaluate physical distance from each
cell to the organoid center. Distance to organoid centers (i.e., organoid centricity) was independently
assessed for responsive and resistant cell populations (Figure 4.1E).

4.3.5.2 Multivariate Spatial Analysis of All Metabolic Variable Images

Multivariate analyses were used to determine cellular spatial organization across all metabolic variables
(redox ratio, NAD(P)H tm, 11, T2, 01, and FAD tm, T1, T2, a1) for improved separation between responsive
and resistant cells.

Multivariate spatial autocorrelation

Spatial autocorrelation of all metabolic variables was evaluated at the global and local scale for all samples
(xenografts and organoids). Moran’s I (Figure 4.1F) was used to determine macroscale spatial similarity

for each metabolic variable per image (ape package in R)*. Moran’s I was defined as:

N IETE T wi (= D = D)

. 1),
w X = %)? W

where w;; represents the weight (0 or 1) indicating connection (1) or no connection (0) between a

pair of cells, xi, X; represent the metabolic variable value at a given cell location, x represents the metabolic
variable average across the image, N represents the number of cells in the image, and W represents the total

sum of the weight matrix (Wmn)**.
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The range of Moran’s I values extended between —1 and 1. An image containing cells surrounded
by cells with similar metabolic variable values is represented by | values approaching 1, while an image
with cells surrounded by cells with dissimilar metabolic variable values is represented by | values
approaching —1. Images with cells that are surrounded by cells with both similar and dissimilar metabolic
variable values (i.e., random organization) is represented by | values near 0. All spatial autocorrelation
analysis was implemented in R (ape, ade4 packages in R)*® %,

Local indicators of spatial association (LISA) were used to visualize the similarity of metabolic
variables within local cell neighborhoods as a function of model system (xenograft or organoid), treatment
condition, and drug response (responsive or resistant)®l. For each metabolic variable, individual cell
measurements (Figure 4.1F, x-axis) were correlated with the measurement average of its “neighbors” (cells
within one cell diameter) (Figure 4.1F, y-axis). A cell was defined as “high” or “low” if the metabolic
variable value for the cell was above or below the mean across all cells within an image, respectively (Figure
4.1F, vertical line). Similarly, a neighborhood (defined as all the neighbors of a given cell) was defined as
“high” or “low” if the mean metabolic variable for the neighborhood was above or below the mean across
all neighborhoods within an image, respectively (Figure 4.1F, horizontal line)®*. Individual cells and their
neighbors with identical definitions (high/low) for a given metabolic variable were designated as
homogeneous cell neighborhoods (Figure 4.1F, upper right and lower left quadrants). High prevalence of
homogeneous cell neighborhoods indicated metabolic activity was largely dependent on spatial
organization of cells.

Spatial principal components analysis

Spatial principal components analysis (spatial PCA) was applied by modifying standard principal
components analysis to account for spatial structure based on Moran’s I statistics (adespatial package, R)%*
%, All metabolic variables and spatial parameters collectively were referred to as “variables.” Lag matrices
were created from the product of spatial weights matrices (wmn, Equation 1) and corresponding variable
matrices. Covariance between the variable matrix and lagged variable matrix was then assessed to define

the principal component axes. The spatial principal component loadings were determined, representing each
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variable’s contribution to a linear combination maximizing both the variance and Moran’s I across the data.
Loading vectors were plotted to observe the magnitude and direction of each variable projected onto the
spatial principal component axes (Figure 4.1G, red arrows)®. Principal component scores per image were
determined by averaging linear combinations of the product of each variable and the corresponding
component loadings across all cells (Figure 4.1G, black dots). Similarly, lagged scores were determined by
averaged linear combinations of the lag matrix weighted by the spatial principal component loadings
(Figure 4.1G, arrowheads). Vectors connecting principal component scores and lagged scores demonstrated
the average difference in measurements between cells and their neighbors for a given condition.
Z-score standardization

The magnitude of differences between xenografts and organoids was assessed by compiling
variables (metabolic variables and spatial parameters) across all experimental groups to compare Z-scores
across models. Z-score transformation for all variables per image was performed by subtracting the variable
average and dividing by the variable standard deviation of the corresponding control or treated organoid
condition (53). Z-score heatmaps were generated across all treatment conditions and model systems to
demonstrate differences between models (gplots package, R) (54).
4.3.6 Statistical Analysis

Student’s t-tests and Tukey’s multiple comparison statistical tests for non-parametric, unpaired
comparisons were performed to assess differences across organoid and xenograft treatment conditions®.
Error bars indicate the mean * standard deviation. Measurements with an alpha value <0.5 considered
statistically significant. Cohen’s d values were also computed to determine effect size®. Local constant
non-parametric regression was used to assess significant relationships between treatment condition and
Moran’s I for each metabolic variable® *. Xenograft or organoid treatment condition and corresponding
standard error of Moran’s I values served as explanatory variables evaluated for effects on the dependent

variable, Moran’s 1.
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4.4 Results

4.4.1 Spatial Clustering Based on NAD(P)H tn,

To distinguish spatial differences in heterogeneous cell populations with respect to treatment, we first
implemented spatial clustering based on a single metabolic variable, specifically NAD(P)H tm. This was
assessed on a previously published dataset of images from control and cetuximab-, cisplatin-, and
combination-treated FaDu xenografts and organoids after 13 days and 24 hours, respectively. Published
studies of this dataset include standard measurements of organoid and in vivo treatment response, which
are consistent with studies showing agreement between early treatment response in organoids and long-
term tumor volume measurements®*34%*_ NAD(P)H tm was chosen for this analysis as decreases in
NAD(P)H tm With treatment in vivo and in organoids correlate with later decreases in FaDu tumor volume®.
Cells with high NAD(P)H tn were treatment resistant, whereas cells with low NAD(P)H tn Were responsive
to treatment in these previous studies. Later analysis (Figures 4.4-4.6) defined multivariate spatial

heterogeneity across all 9 metabolic variables.



86

Univariate Analyses
A Density-based clustering

Histogram of clustered data

B Population mapping

M Responsive cells
B Resistant cells
[ Cluster center
— Fit

Responsive cells|
@ Resistant cells
¢ Organoid center

50 ym

A5l N
o800 900 1000 1100 1200 1300 1400 1500
(PHt,

Intra-population proximity D Inter-population proximity E Organoid centricity

@ Responsive cells

[ @ Responsive celis| [@ Responsive celis|
tant

60} | @ Resistant cells

X Organoid center
40} |=> Distance vector
20

|

3

b

0 3
3

3
g
Distance (um: Y-direction)

Distance to centroid (um: Y-direction|

Distance from centroid
(pm: X-direction)

Distance (um: X-direction) Distance (um: X-direction)

Multivariate Analyses

G Spatial principal

Spatial autocorrelation components analysis
Low cell value/High High cell value/High 0]
neighborhood value neighborhood value N o gy
(heterogeneous) (homogeneous - high) £
] 3 25|
) o~ 2
[} -7 E
- - 5
s i 3
o
3 |
= £
g £
3
T
Low cell value/Low High cell value/Low -3
neighborhood value | neighborhood value D)
zlow) P ) 7
Observed Variable Spatial Principal Component 1

Figure 4.1.Population density analysis and spatial statistical analysis quantify spatial heterogeneity
of cell metabolism. Single variable analyses using NADH tr, data is outlined in (A-E). (A) Frequency
histograms of single-cell NAD(P)H tm values (blue, green, red bars) are fit with kernel density fitting
(black line) to represent the data distribution. Density-based clustering analysis of NAD(P)H tr, identifies
sub-populations based on cluster centers (green bins). Cells are assigned to the nearest cluster with higher
local density (responsive cluster, blue bins; resistant cluster, red bins). (B) Population spatial maps of
NAD(P)H tm-defined clusters include markers of responsive cells (blue dots), resistant cells (red dots),
and organoid centroid (green x) on top of the original NAD(P)H intensity image (gray). (C) Intra-
population proximity is defined as the distance between cells within a population (responsive or
resistant), represented by the average length of the blue (responsive) or red (resistant) arrows in the plot.
(D) Inter-population proximity is defined as the distances between cells belonging to separate
populations (responsive or resistant), represented by the average length of the purple arrows in the plot
for the responsive (blue) cells. (E) Organoid centricity is defined as the distance from the organoid
center to each cell within a class (responsive or resistant), represented by the average length of the blue
(responsive) or red (resistant) arrows in the plot. Multivariate analyses performed across all metabolic
variables is described in (F,G). (F) Multivariate spatial autocorrelation assesses the similarity of a local
cluster by plotting each metabolic variable for each cell (observed variable) against the average of its
neighboring cells (lagged variable). The slope of the data represents the Moran’s I, a global measure of
spatial autocorrelation. (G) Multivariate spatial principal components analysis illustrates variation
between xenografts and organoids as a function of treatment group and cell population (responsive or
resistant). Loadings vectors represent the contribution of each metabolic or spatial variable to each
spatial principal component (x- and y- axes). Scores for each image are calculated from a linear
combination of each variable weighted by their loadings. Lagged scores correspond to the combination
of weighted variables for neighbors within an image. Vector lengths represent the average magnitude
of difference between cell scores and neighbor (lagged) scores.
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Population distributions were used to visualize the presence of multiple cell populations with either
high (resistant) or low (responsive) NAD(P)H tm in response to treatment (Figure 4.2). Sub-population
analysis also demonstrated the extent of heterogeneity across models and treatment groups (Figures
4.2A,B). For example, multiple populations are only present in cetuximab-treated organoids but are present
in both cetuximab- and cisplatin-treated xenografts, suggesting xenografts may exhibit increased
heterogeneity in response to single agent treatment (Figures 4.2A,B). Density-based clustering was
performed to classify treatment response on a single-cell level. Density-based classification using
NAD(P)H tn was validated with high accuracy (>93%; Figure B.1) compared to expert classification in 2D
cultures of cell lines. Following validation, this method was used to classify responsive and resistant cells
within xenografts and organoids. Population assignments for each cell were mapped back to the images to
display the spatial organization of responsive and resistant populations (Figures 4.2C,D). Population maps
gualitatively demonstrate low dispersion of cell populations and their macroscale organization. Overall,
visualization of cell organization revealed spatial clustering patterns of resistant and responsive cell

populations, which are unique to specific treatment and microenvironmental conditions.
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Figure 4.2. Sub-population distributions and population mapping visualize treatment-dependent
spatial heterogeneity within FaDu xenografts and organoids. Population density modeling of single
cell measurements of NAD(P)H tn in FaDu (A) xenografts and (B) organoids reveal heterogeneous cell
populations within control, cetuximab-treated, cisplatin-treated, or cetuximab and cisplatin-treated
(combination) groups. Representative population maps of control and treated (C) xenografts and (D)
organoids demonstrate spatial organization of cell populations with differing treatment response.
Individual cells are color-coded based on the population assignment determined from density-based
clustering analysis. Responsive populations, corresponding to low NAD(P)H 1, are coded red, and
resistant populations, corresponding to high NAD(P)H tm, are coded blue. Cell outlines are in white.
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Next, quantitative metrics were developed to directly compare the spatial distributions of
responsive and resistant cell populations that were defined by NAD(P)H tm and evaluated on control and
drug-treated FaDu xenograft and organoid images (Figure 4.3). Clustering percentages informed on mixing
between responsive and resistant cells, providing an objective comparison of cell dispersion across
treatment conditions and model systems (Figures 4.3A,B). For example, xenografts 13 days post-treatment
displayed considerable segregation between responsive and resistant cells, with >90% of cell neighbors
belonging to the same population in conditions with both cell classes (cetuximab and cisplatin groups;
Figure 4.3A), while 24 hours treated organoids yielded lower clustering (~80%) of responsive and

resistant cell populations (cetuximab group only, Figure 4.3B).

Intra-population proximity measurements demonstrated density of cell packing within each
population (Figures 4.3C,D). Highly compact cell organization was represented by low intra- population
distances, demonstrated by the single, responsive cell population in combination-treated xenografts (Figure
4.3C, p <0.0001). Conversely, high intra-population distances illustrated sparse cell organization, reflected
through increased distances in cisplatin-treated organoid populations compared to control, cetuximab, and
combination populations (Figure 4.3D, p < 0.0001). Responsive populations in cetuximab-treated
xenografts formed denser clusters than resistant populations (p < 0.05), while no significant differences
were observed between responsive and resistant cells with cisplatin treatment (Figure 4.3C). However,
cisplatin-resistant cell populations had more compact cell organization than resistant cells in control
xenografts (p < 0.001). Additionally, cisplatin treatment resulted in closer proximity within resistant
xenograft populations than cetuximab treatment (Figure 4.3C, p < 0.001). Intra-population proximity
measurements also provided comparisons of both density and uniformity of population clusters, most
distinct between cetuximab and cisplatin organoids (Figure 4.3D, p < 0.05). Spatial organization of cell
sub-populations appeared to be independent of sample size, as significant differences in organoid diameter
measurements were only observed between control and cetuximab-treated organoids despite unigque spatial

organization across all groups (Figure B.2). Inter-population distances quantified localization of cell
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populations relative to each other, comparable across treatment groups with multiple cell populations
(Figure 4.3E). Inter-population distances were not significantly different between xenograft and organoid
cells treated with cetuximab, suggesting that cell populations organize similarly in cetuximab-treated
organoids and xenografts (Figure 4.3E). However, cisplatin-treated xenografts had decreased inter-

population distances compared to cetuximab-treated xenografts (Figure 4.3E, p < 0.001).

Additionally, organoid centricity measurements provided assessment of cell organization relative
to central and peripheral organoid regions (Figure 4.3F). This served as a complementary measure of cell
packing in organoids with only one cell population (control, cisplatin, and combination groups), indicating
similar packing across these conditions (Figure 4.3F, p > 0.05). Furthermore, organoid centricity
measurements showed resistant populations within cetuximab-treated organoids aggregated closer to
organoid centers than responsive cells (Figure 4.3F, p < 0.0001). Responsive populations in cetuximab-
treated organoids localized further from the organoid center compared to responsive populations in cisplatin
and combination organoids, demonstrating a change in distribution of responsive cells when multiple sub-
populations are present (Figure 4.3F, p <0.0001). Heatmaps comparing spatial parameters between resistant
and responsive populations across treatment conditions demonstrate direction of change, significance, and

effect size (Figure B.3).
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Figure 4.3. Spatial clustering and proximity based on NAD(P)H T for responsive and resistant
cell populations. (A) Clustering percentage in xenografts after 13 days of treatment. Control and
combination-treated xenografts have only one population of cells each, indicated by +++. (B) Clustering
percentage in organoids after 24 hours of treatment. Only cetuximab treatment yields multiple cell
populations in organoids. (C) Average distance between cells within a single population (intra-
population proximity) in xenografts. (D) Intra-population proximity in organoids. (E) Average distance
between responsive and resistant cells (inter-population proximity) in xenografts and organoids for
treatments that have 2 populations. (F) Average distance to organoid centers (organoid centricity). (*,
*xk *Ex*p < 0.05, 0.001, 0.0001; Tukey-HSD test).

4.4.2 Spatial Clustering Based on Multivariate Analysis of All 9 Metabolic Variables
Distinct clustering was demonstrated for responsive and resistant cell populations defined by a

single variable, NAD(P)H tn (Figure 4.3). However, multivariate analysis was used to determine spatial

patterns of the 8 other metabolic variables (redox ratio, NAD(P)H 11, 12, 01, and FAD tm, 11, T2, 02) in attempt
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to improve separation between responsive and resistant tumor cell populations. Multivariate measures of
spatial autocorrelation for all metabolic variables were quantified to comprehensively assess metabolic
relationships between single cells and their surrounding neighbors. Macroscale clustering for each
metabolic variable was determined by calculating global Moran’s I per metabolic variable for control and

treated FaDu xenograft and organoid images.

Moran’s I was first calculated for each metabolic variable across all treatment conditions, then non-
parametric regression was performed to determine which metabolic variables yielded Moran’s I values with
significant dependence on treatment condition (Tables 4.1, 4.2). Regression analysis identified NAD(P)H
and FAD 1, as significant variables for FaDu xenografts and redox ratio, NAD(P)H and FAD a1 for FaDu
organoids. Similarity in clustering patterns within treatment groups was represented by low variability in
Moran’s I, observed for all metabolic variables across all xenografts per treatment group (Figures 4.4A,B,
Figure B.4). Conversely, organoids demonstrated greater variability of Moran’s I within treatment groups
(Figures 4.5A-C, Figure B.7). Positive spatial autocorrelation indicated increased cluster formation,
displayed in virtually all xenograft treatment groups across all metabolic variables (Figures 4.4A,B,
Figure B.4). Overall, combination treatment demonstrated the highest Moran’s 1 values for 1
measurements, while control xenografts were characterized by low Moran’s I (Figures 4.4A,B). Random
organization of metabolic activity was illustrated by Moran’s I values near zero, reflected in redox ratio,
NAD(P)H a; and FAD o; of cisplatin-treated organoids (Figures 4.5A—C). Conversely, cetuximab treatment
resulted in the greatest Moran’s I of these variables, indicating clusters of homogenous metabolic activity
within cetuximab-treated organoids (Figures 4.5A-C). Furthermore, cisplatin treatment consistently
yielded Moran’s I near zero across all metabolic variables, while other organoid treatment conditions

displayed varied response (Figure B.7).
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Table 4.1. P-values from non-parametric regression between treatment condition and
Moran’s I in xenografts

Variable P-value Variable P-value
Redox Ratio 0.11 FAD 7, 0.383
NAD(P)H tm 0.323 FAD 74 0.707
NAD(P)H 74 0.183 FAD 72 0.015
NAD(P)H 72 0.043 FAD o 0.378
NAD(P)H a 0.246 FAD Intensity 0.155
NAD(P)H Intensity 0.178

Bold values represents p < 0.05.

Table 4.2. P-values from non-parametric regression between treatment condition and
Moran’s I in organoids

Variable P-value Variable P-value
Redox Ratio 0.005 FAD 7 0.331
NAD(P)H 7 0.398 FAD 7 0.248
NAD(P)H 74 0.301 FAD 7o 0.494
NAD(P)H 7, 0.627 FAD o4 0.005
NAD(P)H o4 0.008 FAD Intensity 0.175
NAD(P)H Intensity 0.266

Bold values represents p < 0.05.

LISA provided complementary information to Moran’s I by describing the relationship between
single cells and their local neighborhood (description in Figure 4.1F). Metabolic variables per cell (observed
variable) were directly compared with the average of surrounding cells (lagged variable). Cell clusters
within xenografts predominantly had t. values that were homogeneously high (control group) or
homogeneously low (combination group), represented by cells within the upper right and lower left
guadrants, respectively (Figures 4.4C,D). Additionally, cisplatin- and combination-treated organoids were
both predominantly composed of low redox ratio and FAD oz clusters (Figures 4.5D,F). Higher frequency

of cells in the upper left and lower right LISA quadrants demonstrated greater heterogeneity in metabolic
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variables within cell clusters, observed for 1, measurements in cisplatin- and cetuximab-treated
xenografts and redox and FAD o1 measurements in cetuximab-treated organoids (Figures 4.4C,D, 4.5D,
F). NAD(P)H a1 clusters similarly exhibit substantial heterogeneity across control and treated
organoids (Figure 4.5E). Metabolic variables not significantly dependent on treatment yielded variable
clustering in xenografts and organoids, with some treatment groups primarily restricted to one quadrant

(Figures B.5, B.8).
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Figure 4.4. Spatial clustering patterns of metabolic variables in FaDu xenografts. Moran’s I based
on (A) NAD(P)H 1, and (B) FAD 1, measurements is plotted across control and treated xenografts. (C—
F) Ellipses represent the distribution of cell clusters, with cells falling in the upper right (homogeneously
high value clusters) and lower left quadrants (homogeneously low value clusters). Clustering is plotted
for each treatment group for (C) NAD(P)H 1. and (D) FAD t.. Clustering is similarly plotted for
responsive and resistant cells for (E) NAD(P)H 1, and (F) FAD 1.
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LISA were also used to assess distinct clustering of metabolic variables based on treatment
response. In xenografts, resistant populations form clusters of high NAD(P)H and FAD 1. (Figures 4.4E,F).
In contrast, responsive populations predominantly organize into clusters with low 1, (Figures 4.4E,F).
Responsive populations are also characterized by clusters of lower NAD(P)H and FAD 1 and 12, and higher
NAD(P)H and FAD a; compared with resistant cells (Figure B.6). Responsive and resistant cells in
organoids also had distinct clustering patterns (Figures 4.5G-1). Responsive cells in organoids were
characterized by low redox ratio clusters (Figure 4.5G). Resistant cells conversely had clusters of higher
NAD(P)H and FAD a3 compared to responsive cells (Figures 4.5H,1). Responsive and resistant populations

demonstrated variable clustering across other metabolic variables (Figure B.9).
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Figure 4.5. Spatial clustering patterns of metabolic parameters in FaDu organoids. Moran's | based
on (A) redox ratio, (B) NAD(P)H a1, and (C) FAD o1 measurements for control and treated organoids.
(D—F) Ellipses represent the distribution of cell clusters, with cells falling in the upper right
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4.4.3. Metabolic and Spatial Variability in Xenograft and Organoid Models

Spatial principal components analysis (spatial PCA) was used to relate multivariate measurements
of cell metabolism with spatial trends across models and treatment conditions (Figure 4.6A)>". Briefly,
multivariate metabolic and spatial data was weighted by a binary matrix indicating neighbors for each cell
(i.e., cell neighborhood) prior to standard calculation of principal components. FAD 11, T2, Tm, and intra-
population distances had the highest positive loadings along spatial principal component 1, which reflects
their dominant contribution to overall variability within organoids and xenografts (Figure 4.6A). Both
NAD(P)H and FAD a4 had the largest negative loadings along spatial principal component 1, which also
reflects their dominant, yet opposing contribution to overall variability within organoids and xenografts.
NAD(P)H 11, T2, Tm, all intensity-based measurements, and two spatial metrics (clustering percentage, inter-
population proximity) had stronger projection along the second principal axis. Variable vectors with similar
directionality and magnitude are correlated. As expected, NAD(P)H 11, 12, Tm and separately, FAD 11, T2, Tm
exhibited strong positive correlation (tm = out1 + 02t12). The redox ratio [defined as NAD(P)H/FAD
intensity] was positively correlated with NAD(P)H intensity, but negatively correlated with FAD intensity.
Inter-population proximity was closely related to redox ratio and NAD(P)H intensity, while intra-
population proximity was closely related to FAD 11 but not highly correlated with the other two spatial
metrics (clustering percentage, inter-population proximity). In contrast, clustering percentage was inversely
correlated with inter-population proximity.

Mean spatial PCA scores were then plotted for both responsive and resistant cells within each
control and treatment group for both xenografts and organoids to observe similarities across models (Figure
4.6B). Each point represents the mean spatial PCA score for an organoid (filled) or xenograft (hollow), and
points were plotted on the same axes as Figure 4.6A. The location of each dot can be correlated with
metabolic variables on the same axes in Figure 4.6A. Xenografts were generally correlated with variables
in the upper left quadrant of Figure 4.6A [e.g., NAD(P)H o4, clustering percentage] compared to organoids,

which correlate with NAD(P)H and FAD 13, 12, and tn (blue vs. red ellipse, Figure 4.6B).
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Vectors extending from points on spatial PCA plots described the response of cell neighborhoods

within the organoid or xenograft (arrows, Figure 4.6B). The location of the arrowhead represents

differences between the average cell response and the average cell neighborhood response. Of note, fewer

xenografts were imaged per treatment group, and thus clustering and correlation of cell neighborhoods were

less defined compared to the more high-throughput organoid analysis. Mean spatial PCA scores of both

cells and their neighborhoods in responsive organoid populations are predominantly correlated within the

combination treatment group. Conversely, resistant cells within cetuximab and control organoids are not

correlated. Spatial PCA maps at the cellular level across treatments and models (organoids and xenografts)

also help to visualize the organization of cell neighborhoods (Figure B.10).
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Figure 4.6. Multivariate analyses of metabolic activity and spatial organization in xenografts and
organoids. (A) Loading vectors for all treatment conditions across both organoids and xenografts. (B)
The same spatial PCA plot as (A), with treatment groups and model systems plotted to observe spatial
clustering patterns. Points correspond to the spatial PCA score for a single organoid (filled circle) or
xenograft (open circle). Arrows represent differences between average spatial PCA scores of an
organoid or xenograft and the average spatial PCA score of their cell neighborhood.

Heatmaps of Z-scores for metabolic variables and spatial parameters were generated for further

comparison between treatment groups and model systems (Figure 4.7). Z-scores were calculated relative to

the mean and standard deviation of the corresponding organoid condition to visualize differences between

models for each treatment group. Xenografts consistently exhibited higher FAD a1 and lower FAD tm, 11,
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and 1, compared with organoids, regardless of treatment condition. Intensity measurements were generally
increased in control xenografts compared to control organoids. Additionally, control xenografts exhibited
shorter intra-population distances within resistant populations. Organoids and xenografts showed
substantial differences in response to combination treatment. Specifically, combination-treated xenografts
yielded higher a1 and lower tm, 71, and 12 for both NAD(P)H and FAD. This trend was also observed between
models in response to cetuximab treatment. Spatial measurements displayed contrast between cisplatin-
treated xenografts and organoids due to the presence of two populations in xenografts, compared to a single
population in organoids. Cisplatin treatment also caused increased redox ratio and NAD(P)H a4 in
xenografts compared to organoids. Heatmaps of Z-scores within xenograft and organoid conditions are

shown in Figure B.11.
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Figure 4.7. Z-scores of metabolic and spatial variables in control and treated xenografts and
organoids. Heatmap of Z-scores across treatment groups and model systems (organoid and xenograft).
Each Z-score is calculated for each sample of a given treatment group (irx) and variable (j) as the
difference between the mean variable per sample and the mean variable across all organoids of the
corresponding treatment group (organoidgy) divided by the standard deviation of the organoid treatment
group. Z-score differences within a single treatment group represent variability across samples. Gray
boxes indicate samples without a value for a given variable, specific to xenograft and organoid treatment
groups with a single population.

4.5 Discussion

Spatial heterogeneity within tumors contributes to poor therapeutic response and tumor recurrence.
However, to characterize intra-tumor heterogeneity at the cellular level and its effect on disease progression
have been limited to destructive methods that require tumor dissociation, and thus removal from the host.
Here, we have combined metabolic autofluorescence imaging with spatial statistical methods to quantify
organization of multiple cell sub-populations within intact, heterogeneous samples® #’. Previous studies
have established that metabolic autofluorescence imaging can resolve phenotypic differences within 2D

and 3D in vitro tumor models, and in vivo mouse tumors??: 24 27, 30,33, 36,58

However, these previous studies did not thoroughly assess spatial distributions of metabolic cell
sub-populations, which is important for monitoring cell-cell interactions in tumors*®. We have developed
novel analytical methods to quantify cell-level heterogeneity in tumor models by combined metabolic
autofluorescence imaging and density-based clustering (Figure 4.1A)? %0 4345 Density-based clustering
methods promote robust identification of distinct, rare populations by exclusively considering distances
between data points, circumventing assumptions about the data distribution typically necessary for
clustering®. Spatial statistical analysis of data clustered by a single variable [NAD(P)H 1, previously
shown to separate drug-responsive and -resistant cells*?26] provides unique metrics for the organization
of heterogeneous cell populations within samples (Figures 4.1B-E). Finally, multivariate analyses of spatial
organization across all metabolic variables enables greater separation between responsive and resistant cells
to compare spatial trends within a sample (Figures 4.1F,G). In the future, metabolic autofluorescence
imaging and quantitative metrics of cellular connectivity could guide the development of novel therapies

that target drug-resistant tumor microenvironments for improved therapeutic outcomes.



100

This is the first study to combine label-free, live cell imaging, and spatial statistical techniques to
assess treatment-dependent changes in tumor cell function. Previous studies have used microscopic spatial
analyses to determine the organization of phenotypically distinct cell populations within fixed, stained
tumor tissue sections'®2, For example, distributions of tumor and stromal cells at the time of biopsy or
surgery have been correlated with clinical outcome, but these studies disregard both heterogeneity within
cell types and treatment-specific cell organization'”®°. Otherwise, previous microscopic work has focused
on spatial patterns of genetic expression rather than functional (e.g., metabolic) heterogeneity®:54,
Macroscopic heterogeneity in metabolite concentration and uptake in vivo has been previously investigated
by PET and MRI, but these techniques lack the spatial resolution to detect cell-level heterogeneity®,
Notably, endogenous metabolic fluorescence imaging has previously evaluated macroscale spatial
distributions of the redox ratio in vivo and in vitro®. These studies observed higher redox ratio and
NAD(P)H intensity tumor regions, but low FAD regions localized at the periphery of untreated mouse
breast carcinoma xenografts. Interestingly, we observed the same trend in centrally-located resistant cell
populations across organoids (Figures 4.3F, 4.5G, Figure B.9). Unlike these previous studies, our current
study quantified cell-level spatial distributions of distinct metabolic sub-populations (Figure 4.3) and the
clustering patterns of these metabolic sub-populations (Figures 4.4, 4.5), which varied with respect to

treatment and drug response in live, intact, unstained samples.

The spatial distribution of metabolically-distinct cell populations was quantified for samples with
distinct treatment and drug response because cell metabolism is both a therapeutic target and a route of
tumor evasion®, Responsive cells were previously shown to exhibit lower NAD(P)H tm with cetuximab or
cisplatin treatment compared to resistant cells, which often emerge from the selective pressures of cancer
treatment3® 367 Clustering percentage (Figures 4.3A,B), intra-population distances (Figures 4.3C,D), and
inter-population distances (Figure 4.3E) represented the relative organization of NAD(P)H tm-defined
populations in xenografts and organoids. These results showed that cells with similar treatment response

(i.e., responsive/resistant) pack together closely, and that cells formed single, uniform clusters of responsive
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or resistant cells, as opposed to several small, dispersed clusters. Spatial analysis of all metabolic variables
indicated high intercellular dissimilarity and more random cluster patterns in organoids compared to
xenografts (Figures 4.4, 4.5, B.5-B.8), in contrast to clustering based on NAD(P)H t alone (Figures 4.2D,
4.3D-F), which indicates that spatial analysis of all metabolic variables together captures different
metabolic features than NAD(P)H 1 individually. However, spatial heterogeneity was low in control and
combination-treated groups compared to single-agent treatment for both xenografts and organoids (Figures
4.4C,D, 4.5D-F, B.5, B.8). Though spatial patterns were only quantified for single plane images at defined
time points in this study, this analysis can be translated to data acquired over multiple sample depths and
treatment time points to determine their influence on cellular spatial organization. Overall, this spatial
analysis highlights substantial differences in the local metabolic landscape of combination and single agent
treatments across tumor models. Notably, NAD(P)H lifetime can be modulated in response to alternative
metabolic and environmental changes, highlighting the complexity associated with functional readouts of
cell metabolism® 68 ¢ Cellular response to treatment can also modulate several subcellular metabolic
processes, collectively reflected by changes in NAD(P)H lifetime™. Consequently, further development of
this analysis to incorporate environmental and functional measurements would be valuable for resolving
biological mechanisms driving spatial changes in cellular behavior. For example, proximity to vasculature
could be inferred from metabolic autofluorescence images as blood vessels appear as dark, branch-like
regions. Biomarkers of local environmental conditions (e.g., oxygen/pH sensors, metabolic enzyme assays)
could be correlated with spatial patterns in metabolic autofluorescence data. Future work can also integrate
our spatial metabolic analysis with microfluidic models of microenvironmental gradients to disentangle
relationships between nutrient availability, environmental stressors, and treatment response’®. Collectively,
integration of this spatial analysis with complementary biological data could provide additional insight into
mechanisms altering NAD(P)H lifetime and associated drug sensitivity, leading to more effective treatment

regimens’?,
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Previous studies confirm that xenografts and organoids have consistent treatment response across
multiple model systems, using standard measures of response (e.g., tumor volume, cell viability)™".
Published studies also show that NAD(P)H tm decreases with cetuximab or cisplatin treatment in both FaDu
xenografts and organoids®®3¢. The current paper develops spatial analysis to quantify differences in cellular
spatial organization between models and treatment conditions. In these datasets, xenografts had decreased
FAD 1, 11, T2 and increased FAD o1 compared to organoids, regardless of spatial distribution (Figure 4.7).
This difference in FAD lifetimes averaged across all cells could be due to a number of factors, including
different imaging time-points post-treatment, although organoids provide an early measure of response (1—
3 days post-treatment) that agrees with later tumor volume (weeks post-treatment), which motivated the
imaging time points used in this study®**, Differences in FAD lifetimes could also be due to shifts in
metabolic flux, enzyme binding activity, temperature, oxygenation, and/or pH in vivo compared to in

vitro™78,

We also demonstrate that spatial analysis can capture differences in the distribution of cellular drug
response between in vivo and in vitro systems. Specifically, responsive populations defined by NAD(P)H
Tm in Xenografts were more densely clustered than resistant populations, while the opposite trend was
observed in organoids (Figures 4.3C,D). Also, the spherical geometry of organoids maintains responsive
cells on the periphery and resistant cells clustered in the core (Figure 4.3G), consistent with previous
reports’. The observed differences in the distribution of cell metabolism between models are likely due to
distinct methods of drug delivery between organoids (diffusion) and xenografts (vascular delivery).
Organoids require drug diffusion from the outer to inner cell layers, which act as a physical barrier limiting
penetration of both small and large molecule drugs (~100 Da—1 kDa) and cause gradations in drug dose
and metabolic activity’. In contrast, poor vascularity and inefficient tumor microvessels in xenografts result
in a complete lack of drug dosing for some cells in vivo®. This poor vascularity could contribute to
segregation of cell populations with distinct metabolic activity in vivo (Figures 4.4A-C, B.5). Spatial

patterns of cellular drug response could be correlated with drug diffusion to assess the influence of drug



103

accessibility on cellular metabolic distributions. Overall, these differences in drug delivery between models
highlight the utility of each model for studies of drug efficacy and drug delivery. Notably, organoids are
useful for high- throughput and time-course measurements of drug efficacy at early time-points using
numerous drugs, whereas xenografts can model both drug delivery and treatment effects. Although drug
delivery in xenografts may only partially reflect drug delivery in vivo human tumors, xenografts still serve

as a useful first approach®:#2,

The methods developed in this study establish the combination of metabolic autofluorescence
imaging and spatial statistical analysis to quantify the spatial heterogeneity of tumor cell metabolism. We
have shown that cell-level spatial organization of metabolism is altered by treatment and model system.
These methods could be translated to metabolic autofluorescence data acquired over an entire organoid
volume or a superficial tumor volume to characterize 3D distributions of metabolism and drug response. In
addition, this analytical approach could integrate complementary metrics from autofluorescence images
including cell morphology, intracellular metabolic changes, and other endogenous fluorophores.
Furthermore, this approach can be extended to or combined with other single cell imaging approaches
probing as gene (e.g., RNA or DNA-FISH) and protein expression (e.g., immunofluorescence)®#*, Overall,
cell-level functional imaging and quantitative analysis of spatial heterogeneity could significantly improve
understanding of tumor growth and treatment resistance.
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CHAPTER 5

AUTOFLUORESCENCE IMAGING IDENTIFIES TUMOR CELL-CYCLE STATUS
ON A SINGLE-CELL LEVEL

5.1 Abstract

The goal of this study is to validate fluorescence intensity and lifetime imaging of metabolic
co-enzymes NAD(P)H and FAD (metabolic autofluorescence imaging) as a method to quantify cell-cycle
status of tumor cells. Heterogeneity in tumor cell-cycle status (e. g. proliferation, quiescence, apoptosis)
increases drug resistance and tumor recurrence. Cell-cycle status is closely linked to cellular metabolism.
Thus, this study applies cell-level metabolic imaging to distinguish proliferating, quiescent, and apoptotic
populations. Two-photon microscopy and time-correlated single photon counting are used to measure
optical redox ratio (NAD(P)H fluorescence intensity divided by FAD intensity), NAD(P)H and FAD
fluorescence lifetime parameters. Redox ratio, NAD(P)H and FAD lifetime parameters alone exhibit
significant differences (p < 0.05) between population means. To improve separation between populations,
linear combination models derived from partial least squares - discriminant analysis (PLS-DA) are used to
exploit all measurements together. Leave-one-out cross validation of the model yielded high
classification accuracies (92.4 and 90.1% for two and three populations, respectively). Metabolic
autofluorescence imaging and PLS-DA also identifies each sub-population within heterogeneous
samples. These results establish single-cell analysis with metabolic autofluorescence imaging and PLS-
DA as a label-free method to distinguish cell-cycle status within intact samples. This approach could

be used to incorporate cell-level tumor heterogeneity in cancer drug development.

5.2 Introduction

The metabolism, drug response, and genetic expression of cells are heterogeneous within a single
tumor, which affects cancer progression and response to treatment?. Specifically, quiescent cancer cells lack
responsiveness to standard chemotherapies, introducing a major challenge to efficacy of cancer treatment?>.

Quiescent cell sub-populations promote tumor dormancy, which results in therapeutic resistance and later



111

tumor recurrence. However, the mechanisms responsible for the emergence of quiescent cell populations
and interactions between quiescent cells and the tumor or metastatic microenvironment are not well
understood. This is largely due to the inability to distinguish quiescent cell populations from the bulk,
proliferating population. Furthermore, quiescent cells can re-enter the cell-cycle after years of remission,
and initiate tumor recurrence?. Thus, it is essential to avoid misidentification of quiescent cells as apoptotic,
despite their similarly reduced metabolic activity®. Robust methods to identify quiescent cells within the
heterogeneous tumor mass are needed to develop improved cancer therapies that target these dormant, yet
lethal, cell populations.

Flow cytometry is a standard measure of cell function, and is used to identify quiescent and resistant
cancer cells in heterogeneous tumors. Flow cytometry applications are constrained to exogenous labelling
using fluorescent antibodies or dyes to allow ex vivo sorting into pure cell populations. The use of these
fluorescent labels is highly disruptive to cell physiology, limiting the applicability of flow cytometry*.
Additionally, flow cytometry requires the dissociation of the sample into a single cell suspension ex vivo,
and thus loses the microenvironmental and spatial context of each sub-population. Identifying and
characterizing cell sub-populations within intact, heterogeneous tumors would inform on spatial
relationships with supporting cells in the microenvironment. For example, interactions between dormant
tumor cells and blood vessels, extracellular matrix, immune cells, and fibroblasts could be compared to
those interactions with proliferating tumor cells within intact samples. Also, the use of flow cytometry
prevents the study of dynamic changes in live tumors over time, because tumors must be removed and
dissociated for analysis. Thus, a technology that could monitor dynamic changes over time, and identify
tumor cell sub-populations within intact, living samples, could supplement current methods to provide a
more complete picture of tumor heterogeneity.

Metabolic autofluorescence imaging measures the autofluorescence intensities and lifetimes of
the metabolic co-enzymes NAD(P)H and FAD. Metabolic autofluorescence imaging is attractive for the
study of tumor heterogeneity because it is non-invasive, does not use exogenous labels, can monitor

dynamic changes within intact samples®3, including in vivo tumors®®, achieves cellular resolution, and is
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sensitive to cell metabolism!'. Metabolic autofluorescence imaging is sensitive to cell malignancy, cancer
progression, and provides early measures of tumor cell drug response>”. The fluorescence intensities of
NAD(P)H and FAD can be combined into the “optical redox ratio” (fluorescence intensity of
NAD(P)H/FAD), which is sensitive to the relative amounts of electron donor and acceptor in acell*2,
The redox ratio was established by Chance et al.'® and has since been used for an array of applications
in cancer, including studies of cancer progression, invasion, and drug response®® 14 Fluorescence
lifetime imaging (FLIM) provides a complementary measurement to the redox ratio®, and is sensitive
to the enzyme binding activities of NAD(P)H and FAD™. Specifically, the protein- bound NAD(P)H
lifetime is significantly longer than the free NAD(P)H lifetime, due to self- quenching in the free state™
19-23 Conversely, FAD lifetimes are short and long in the protein- bound and free states, respectively*®.
Combined information from the fluorescence intensities and lifetimes of NAD(P)H and FAD provide
a measure of the global metabolic activity in individual cells within intact samples®3-1824 specifically
on redox balance and enzyme binding activity. Previous studies have established that metabolic
autofluorescence imaging is sensitive to cancer progression and drug response®"°,

The goal of this study is to use metabolic autofluorescence imaging to discriminate proliferating,
guiescent, and apoptotic cell populations. We hypothesized that populations exhibiting varying cell-cycle
activity can be metabolically distinguished based on the NAD(P)H and FAD fluorescence lifetimes and
redox ratio. Here, we demonstrate the feasibility of using metabolic autofluorescence imaging to identify
sub-populations in an acute myeloid leukemia (AML) model, a well-defined model for observing cell-cycle
status. Pure and co-cultured populations of each cell type were evaluated using metabolic autofluorescence
imaging. The results illustrate that metabolic autofluorescence imaging can identify proliferating, quiescent,
and apoptotic cell populations within heterogeneous samples. Therefore, this approach could be valuable in
the development of new cancer therapies that target dormant and treatment-resistant cell sub-populations.
5.3 Materials and Methods
5.3.1 Cell Culture

Kasumi-1 cells (acute myeloid leukemia progenitors; ATCC) were suspended in standard RPMI
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1640 culture medium with additives of 10% fetal bovine serum and 1% penicillin:streptomycin.
Proliferation, quiescence, and apoptosis was achieved in separate cultures by: (1) refreshing standard RPMI
media (no treatment, proliferation group), (2) substituting media supplemented with 250 nM JQ1 (a
transcription inhibitor?>-27; Bradner lab, quiescence group), or (3) substituting media supplemented with
2.1 mM cytarabine (Ara-C, standard chemotherapy 2’; Vanderbilt pharmacy, apoptosis group). Cell seeding
density was maintained at 2.5 x 10* cells per 35 mmglass bottom dish (MatTek). All imaging samples were
overlaid with a coverslip immediately prior to imaging, to reduce motion artifact of suspended cells.

In a separate cohort, cell-cycle activity was validated with flow cytometry for each treatment group.
Cell-cycle status was determined for apoptotic and proliferating populations using standard cleaved caspase
3 and Ki67 labeling, respectively. Cell-cycle status of the quiescent group was confirmed upon
simultaneous Pyronin Y labeling of RNA content and Hoechst 33342 labeling of DNA content in
proliferating and quiescent groups, based on lower RNA levels in quiescent cells compared with cells
undergoing active proliferation?. Cells from proliferation, quiescence, and apoptosis groups were seeded at
a density of 2.5 x10° cells per milliliter in 75-T tissue culture flasks. 72 hours after treatment, each culture
was labeled with Ki67 antibody conjugated to FITC (proliferation; Life Technologies), cleaved caspase 3
(CC3) antibody conjugated to FITC (apoptosis; Life Technologies), Hoechst 3342 (quiescence; Sigma)
and pyronin Y (quiescence; Sigma) to confirm cell-cycle status of each respective culture via flow
cytometry. Population fluorescence thresholds, or gates, for cell sorting were established by
autofluorescence flow cytometry (no antibody labeling) of cells from each population. Experts in flow
cytometry established these gates based on standard practice. Percent of positively stained cells per sample
was calculated as the ratio of cells exhibiting fluorescence intensities beyond established thresholds to

total cell count.

5.3.2 Verification of metabolism with varied cell-cycle status
The dominant role of oxidative phosphorylation in leukemic progenitor cells was confirmed upon

perturbation with cyanide. Proliferating Kasumi-1 cells were plated on 35 mm glass dishes at 2.5 x 10*
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cells per dish after a 72-hour incubation period. Following acquisition of NAD(P)H and FAD images, cell
media was replaced with media supplemented with 4 mM NaCN (Sigma) and imaged five minutes after
media change®. Redox ratio measurements were normalized to untreated proliferating samples for
comparison between treatment groups.

Unlike proliferating leukemic cells, quiescent leukemic cells rely on fatty acid oxidation,
which is afeeder reaction for oxidative phosphorylation?®%, JQ1 is known to induce quiescence in
leukemic cells, forcing them to rely on fatty acid oxidation?®2"%, To verify the metabolism of JQ1-treated
(quiescent) cells, proliferating and quiescent cell groups were resuspended in media supplemented with 100
nM of etomoxir (Sigma), an inhibitor of fatty acid oxidation®. Following treatment, cells were incubated
for 48 hours and imaged using fluorescence lifetime imaging®. As previously discussed, redox ratio
comparison between treatment groups was possible following normalization to untreated proliferating
samples.

5.3.3 Fluorescence lifetime imaging

FLIM was conducted on a multi-photon fluorescence lifetime microscope (Bruker Nano Inc.)
built around a Nikon Ti:E inverted microscope using a 40X (1.3NA) oil-immersion objective. A
titanium:sapphire (Chameleon Ultra I, Coherent) laser was used for excitation of NAD(P)H (750 nm)
and FAD (890 nm) autofluorescence. A 400-480 nm bandpass filter isolated NAD(P)H fluorescence
emission. A 500 nm high pass dichroic mirror and a 500-600 nm bandpass filter isolated FAD
fluorescence emission. Both NAD(P)H and FAD fluorescence emission were detected with a GaAsP
photo- multiplier tube. Fluorescence lifetime images were acquired using electronics enabling time-
correlated single photon counting (TCSPC). Acquisition of 170x170 mm (256 x 256 pixels) images
required a 60- second integration time and pixel dwell time of 4.8 microseconds. Photobleaching of the
sample was avoided during image acquisition by maintaining photon count rates at approximately
1—2 x10° photons/second. Fields-of-view for NAD(P)H and FAD were the same for each image
location within a sample. Four fields-of-view were acquired from each dish, and fields-of-view were

selected to control for cell number per field-of-view across all experimental groups. An average of 40—
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60 cells were included in each field-of-view, resulting in 150-250 cells from each dish. All reported
data represent asingle replicate. Three independent replicates were conducted for all experiments, each
demonstrating agreement with observed trends in reported data. Average power was measured daily
for all experiments and maintained at approximately 6.5-6.9 mW for NAD(P)H excitation and 7.4-7.7
mW for FAD excitation.
5.3.4 Image analysis

Fluorescence lifetime fits were calculated using SPClmage (Becker & Hickl GmbH). Fluorescence
contributions from background and cell nuclei were minimized via thresholding. The second harmonic
generated signal from urea crystals at 900 nm excitation was used to measure the instrument response
function, which was found to have a full width at half maximum of 220 ps. The measured instrument
response function was deconvolved from the experimentally measured decay curve prior to curve fitting.

All decay curves were fit to a two-component exponential model:
= - Y
I(t) = ue T1+aze /2+C (1)

where I(t) is the fluorescence intensity at time t following laser excitation, z; and z are the short and
long fluorescence lifetimes, a1 and a2 represent the short and long lifetime component contributions,
and C represents background light contribution. A two-component decay curve was used to represent
the free and protein-bound conformations of NAD(P)H and FAD’. Respective mean lifetimes of
NAD(P)H and FAD were calculated as a weighted average of the short and long lifetimes (tm = aa1t1 +
o212). Fluorescent bead (YG microspheres, Polysciences Inc.) measurements were acquired daily to
validate fluorescence lifetime values. Bead lifetime measurements (1.9 + 0.09 nanoseconds) were consistent

with values reported in literature8?®,

Photon counts from the NAD(P)H and FAD fluorescence lifetime images were integrated over the
fluorescence decay time on a per-pixel basis to generate NAD(P)H and FAD intensity images. The redox
ratio for each pixel per image was calculated by dividing NAD(P)H fluorescence intensity by FAD

fluorescence intensity per pixel. The redox ratio was normalized to redox ratio measurements of acontrol,
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proliferating sample taken each day to account for variations in relative laser powers across days and

excitation wavelengths.

A customized CellProfiler pipeline was used to segment individual cell cytoplasms (nucleus
excluded). The steps of the pipeline were as follows: (1) threshold the low intensity nucleus from lower
intensity background and higher intensity cytoplasm, (2) propagate to identify the cell boundary, and (3)
subtract the nucleus from the cell boundary. This mask was applied to all cells in all images to compute
a mean redox ratio, NAD(P)H 11, t2, 01, Tm, and FAD 11, T2, o1, Tm, fOr each cell cytoplasm in eachimage

(9 total variables)®.
5.3.5 Threshold for classification of individual variables

Thresholds were used to classify cells as apoptotic, proliferating, or quiescent based on each of
the 9 individual variables (redox ratio, NAD(P)H tm, 11, T2, and a1, FAD Tm, 11, T2, and a1). Two
thresholds per variable were defined from receiver operator characteristic (ROC) analysis as a value
that maximizes the true positive rate while minimizing the false positive rate between the low- and mid-
range populations and the mid- and high-range populations. Classification accuracies and confusion

matrices were calculated from the number of misclassified cells.
5.3.6 Partial least squares-discriminant analysis

To obtain maximal separation between groups with differing cell-cycle activity, partial least
squares — discriminant analysis (PLS-DA)%*? was used to incorporate 7 fluorescence variables
(NAD(P)H 11, 12, a1; FAD 11, T2, aa; redox ratio). This technique performs iterations of linear
transformations on a matrix of samples with known classification. These transformations are then
projected onto a vector comprised of classification values for each sample. The resultant equation
represents an optimal boundary between all classes and provides information about the significance of
each variable included in model construction, unlike other classification methods®. PLS-DA determines
the contribution of each independent variable incorporated into the model, thus NAD(P)H and FAD 1t

were excluded from generation of our model. Weight centering of all groups was applied to minimize
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bias in separation boundaries influenced by uneven cell numbers. Weight centering was achieved by
calculating the difference between individual values in the data set and the average of means across all
groups®. Separate models were developed for two-group and three-group classification to overcome
skewed weighting criteria by the training data set. In the case of three-group classification, one-vs-all
PLS- DA was applied to calculate distinct separation boundaries for all three classes, ensuring appropriate
transformation of the known training data set for satisfactory class representation®233, Calculation of the
Mahalanobis distance from each class mean to all data points ensured appropriate assignment of

separation boundaries®,

Images were acquired from pure samples of apoptotic, proliferating, or quiescent cells 72
hours post-treatment. Data from all three conditions were combined to form comprehensive datasets
for PLS- DA model development and evaluation using leave- one-out cross validation (LOOCYV) in the
R software package. Each cell within these comprehensive datasets (n samples) was assessed by
exclusion prior to PLS-DA analysis, partitioning the 1 excluded cell as the validation sample and the
remaining n-1 observations as the training set. The PLS-DA model was then developed based on the
n-1 training set data, and model classification performance was evaluated on correct classification of the
1 excluded cell. This approach was repeated n times, to classify all n cells in the comprehensive data

set.

PLS-DA was also implemented in the R software package. Linear combination models based on
the 7 fluorescence variables were separately generated for the two-group and three-group cases. Weights
represent the relative contribution of the variable toward overall covariance of the training dataset in relation
to its known class. Confusion matrices representing the number of misclassified cells per class from the
validation set were generated, with each matrix column and row corresponding to the true and predicted
classes, respectively. Evaluation metrics (i.e., classification accuracy, sensitivity and specificity) were
subsequently calculated for each model, based on the validation set. Generated PLS-DA models were

evaluated using the posterior probability of class membership, which was calculated for individual
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validation set samples.

For experimental demonstration of these models, heterogeneous samples were generated by
plating cells from each population at various proportions. Images were acquired immediately following
plating. For the two-group demonstration set, proliferating and quiescent cells were plated at the
following proportions: 100:0, 30:70, 50:50, 70:30, 0:100 (proliferating : quiescent). The three- group
demonstration included plating proportions of 33:33:33, 50:25:25, 25:25:50 (proliferating : quiescent :
apoptotic). Two- and three-group PLS-DA models generated from the entire training data sets were
applied for single-cell identification within these mixed samples. Color-coded images were produced to
demonstrate the model’s ability to resolve each population within the co-cultures, with color
assignments corresponding to the model-determined cell-cycle status of individual cells. Confirmation

of cell-cycle status for each cell in each field-of-view was not feasible in the heterogeneous samples.
5.3.7 Statistical Analysis

A Wilcoxon rank sum test of the redox ratio and lifetime parameters (tm, 11, T2, and az) for
NAD(P)H and FAD was used to assess significant differences between groups using these 9 individual
variables alone. A Tukey multiple comparison test was used to correct for multiple comparisons across
cell types. Error bars are representative of the mean + standard error of the mean. Statistical

significance was indicated with an a value less than 0.05.
5.4 Results
5.4.1 Validation of homogeneous populations

Pure populations of apoptotic, quiescent, and proliferating cells were generated by replacing
standard cell culture media with media supplemented with cytarabine, the bromodomain and extra
terminal (BET) family inhibitor JQ1, or no supplementary agent, respectively. Cell-cycle status for
each population was validated by labeling with antibodies or cellular component dyes followed by flow

cytometry (see methods). Histogram plots of the apoptotic group show significantly higher FITC-CC3
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fluorescence from the labeled population compared to the negative control (unstained cells), and 97.5%
of cells in the labeled group were positive for apoptosis (Figure 5.1A). Similar differences in
fluorescencesignal were observed in the proliferating group for FITC Ki67 labeled vs. negative control,
and 99.7% of cells in the labeled group were positive for proliferation (Figure 5.1B). Overlaid dot
density plots of the labeled proliferating and quiescent groups show distinct separation between each
population based on lower RNA content (Pyronin Y) in quiescent cells as expected, with 93.4% cells
in the double-stained quiescent population exhibiting decreased Pyronin Y fluorescence intensity
compared to the proliferating population (Figure 5.1C). This is comparable to previous studies
reporting elevated Pyronin Y levels in proliferating populations?. Similarly, apoptotic populations can
be distinguished with this double-staining method as they exhibit extremely low Hoechst and Pyronin
Y fluorescence?®. Additional cohorts of quiescent populations labeled with Ki67 and cleaved caspase-
3 yielded less than of 5% of cells positive for either marker, further supporting a quiescent phenotype

(data not shown).
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Figure 5.1. Flow cytometry analysis confirms cell-cycle activity associated with apoptotic,
proliferating, quiescent and Kasumi-1 cell populations. Pure populations of (A) apoptotic cells
individually labeled with cleaved caspase 3 (CC3) con- jugated to FITC, and (B) proliferating cells
individually labeled with Ki67 conjugated to FITC. Comparison to unstained controls (negative
control, A&B) demonstrate that the stained populations are positive for CC3 (A) and Ki67 (B). (C)
Similarly, pure populations of quiescent and proliferating cells were labeled with Pyronin Y (RNA
content) and Hoechst 33342 (DNA content) simultaneously to demonstrate separation between the
quiescent populations (low RNA content) and proliferating population (high RNA content). In (C)
each dot is an individual cell.

5.4.2 Metabolic perturbations in proliferating and quiescent cells

A series of metabolic inhibitors were used to perturb dominant metabolic pathways in
proliferating and quiescent leukemia cells. These perturbations verify that our autofluorescence
measurements accurately reflect changes in active metabolic pathways in these cells. Cyanide
perturbation assessed the metabolism of proliferating human acute myeloid leukemia cells. Cyanide
inhibits oxidative phosphorylation, resulting in an abundance of NADH in the cytoplasm. The
significant increase in the redox ratio after cyanide treatment (Figure 5.2A) agrees with the reported
dominance of oxidative phosphorylation in leukemic cells?®. Similarly, the reduced NAD(P)H tn is
consistent with previous studies of cyanide treatment in cancer cells (Figure 5.2B)%”. Trends in FAD
Tm were also comparable to previously reported data (Figure 5.2C)°% however, there was not a

significant change in the FAD 1, following addition of cyanide in these cells.
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Figure 5.2. Inhibition of oxidative phosphorylation affects proliferating cell metabolism.
Quantitative measurement (mean+/-SE) of the (A) redox ratio, (B) NAD(P)H mean lifetime (tm),
and (C) FAD 1t for proliferating Kasumi-1 cells (n = 150-250 cells per group) before and five
minutes after addition of 4 mM cyanide. (* p< 0.05, *** p< 0.001).

Quiescent Kasumi-1 cells rely largely on fatty acid oxidation (Figure 5.3). Etomoxir treatment
increased the redox ratio of quiescent cells (Figure 5.3B). The increase in the redox ratio after etomoxir
treatment in quiescent cells indicates that inhibition of fatty acid oxidation also inhibits downstream
oxidative phosphorylation in quiescent cells. No significant change in the redox ratio was observed in
proliferating cells treated with etomoxir, which indicates that these proliferating cells have less dependence
on fatty acid oxidation?®. Furthermore, changes in NAD(P)H 1, were not statistically different (p > 0.05)
before vs. after etomoxir treatment in proliferating cells. Significant differences in NAD(P)H tm, 11, T2,
and a; were observed (p <0.05) between proliferating and quiescent cells prior to etomoxir treatment.
Perturbation with etomoxir yielded significant increases in NAD(P)H tm, 11, 12, and o1 (p <0.05),

similarly demonstrating contrast between proliferating and quiescent populations. Etomoxir resulted
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in significant decreases in FAD 1, 11, T2, and a; following treatment (p <0.001, data not shown).
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Figure 5.3. Inhibition of fatty acid oxidation affects quiescent cell metabolism. (A)
Representative redox ratio images. (B) Quantitative measurement (mean +/-SE) of the redox ratio
for untreated proliferating and quiescent Kasumi-1 cells (n = 150-250 cells per group), as well as
etomoxir-treated proliferating and quiescent cells (n= 150-250 cells per group). Kasumi- 1 cells
were forced into quiescence by treatment with JQ1 (250 nM) 72 hours before etomoxir (100 nM)
or vehicle treatment. (***p< 0.001).

5.4.3 Metabolic autofluorescence imaging of proliferating, quiescent, and apoptotic cells

Metabolic autofluorescence imaging was performed in acute myeloid leukemia cells forced
into apoptotic, proliferating, and quiescent states, to validate metabolic autofluorescence imaging as a
method for classifying these cell states. Untreated (proliferating), JQ1- treated (quiescent), and
cytarabine-treated (apoptotic) Kasumi-1 cells were imaged at 72 hours post- treatment. Two-photon
fluorescence lifetime imaging revealed qualitative differences in the redox ratio, NAD(P)H tm, and
FAD tm within proliferating, quiescent, and apoptotic cell populations (Figure 54). Quiescent cells
exhibited a distinct decrease in redox ratio across all cells in comparison to both proliferating and
apoptotic groups (Figure 5.4). Longer NAD(P)H and FAD mean lifetimes were observed in apoptotic

cells than in proliferating and quiescent groups. Cellular morphology can also provide some
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discrimination between cells with varied cell-cycle status. In contrast to the apoptotic and quiescent groups,
proliferating cells were characterized with a well-defined nuclear area (Figure 5.4). Quiescent cells
exhibited a significant decrease in overall cell area (Figure 5.4) compared to apoptotic populations (p
< 0.05, 72.5 + 3.99 mm? vs. 96 + 9.06 mm?) and modest, but not significant, differences compared to

proliferating populations (84.5 + 4.30 mm?).
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Figure 5.4. Lifetime and redox images. Representative redox ratio, NAD(P)H 1, and FAD 1t

images of Kasumi-1 cells forced into apoptotic, proliferating, and quiescent states, 72 hours post-
treatment.

Quantitative metabolic autofluorescence analysis can distinguish proliferating, quiescent, and
apoptotic samples on a population-level (Figure 5.5). Each cell was treated as an independent measurement,
across all 4 FOVs (40-60 cells per FOV) per dish and all 3 replicate dishes per experimental group
(proliferating, apoptotic, quiescent). The redox ratio is increased in proliferating cells compared to apoptotic

and quiescent cells, and is also increased for apoptotic cells compared to quiescent cells (p < 0.001, Figure
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5.5A). Both NAD(P)H and FAD tn, are highest in apoptotic populations (p<0.001), but lack significance
between proliferating and quiescent cells (Figures 5.5B and C). Proliferating cells exhibited higher
NAD(P)H 11, and a: compared to apoptotic and quiescent cells (p < 0.001, Figure 5.5D,F). Like the redox
ratio, NAD(P)H 1 is significantly different between all three groups (p <0.001, Figure 5.5E). FAD 11 was
only effective in discriminating quiescent cells from the other two conditions (p < 0.001, Figure 5.5G).
Apoptotic cells exhibited significant differences in FAD 1, and oz compared to proliferating and quiescent
cells (p<0.05, p<0.001, Figures 5.5H and I). Overall, significant differences exist between cell groups in
Figure 5.5A-1, but there is still overlap between apoptotic, proliferating, and quiescent cells at the single-
cell level. Furthermore, classification of cells to all three categories (apoptotic, proliferating, quiescent)
based on any metabolic variable alone yields poor overall classification accuracy (Table 5.1). Therefore,
classification based on a combination of all measured metabolic variables could improve separation

between cell groups.
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Figure 5.5. Quantitative redox and lifetime measurements. Quantitative measurement (mean +/-
SE) of the (A) redox ratio, (B) NAD(P)H tm, (C) FAD tm, (D) NAD(P)H 11, (E) NAD(P)H 12, (F)
NAD(P)H a1, (G) FAD 11, (H) FAD 12, and (1) FAD a; at the single-cell level for proliferating,
quiescent, and apoptotic (n= 150-250 cells per group) Kasumi-1 cells at 72 hours post-treatment.
Each dot is an individual cell. (* p < 0.05, **p< 0.01, ***p< 0.001).
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Table 5.1. Overall three-group classification accuracy with individual metabolic
autofluorescence variables

Variable Classification
Accuracy

Redox Ratio 43.2%
NAD(P)H 1,, 44.6%
FAD 1, 66.0%
NAD(P)H 14 27.2%
NAD(P)H 7, 41.0%
NAD(P)H a4 22.8%
FAD 74 313%
FAD 1, 23.6%
FAD o, 46.1%

5.4.4 Classification model using partial least squares — discriminant analysis (PLS-DA)

PLS-DA was performed to maximize separation between cell-cycle status groups on the
single-cell level. The first iteration of PLS-DA aimed to separate proliferating and quiescent cell
populations. This two-group PLS-DA model (Table 5.2) was created from an initial training data set,
consisting of measurements of individual cells from pure samples of quiescent and proliferating cells
(Figure 5.6). The weights of each fluorescence variable (NAD(P)H 11, 12, a1; FAD 11, T2, a1} redox
ratio) included in two-group PLS-DA model based on the entire training data provide a general sense
of the influence of each variable (Table 5.2). Cross-validation using the leave-one-out approach
demonstrated classification accuracy of 92.4% for the generated model. The two-group PLS-DA
showed improved separation of proliferating and quiescent populations (Figure 5.6) compared to any
single variable (Figure 5.5). A confusion matrix representing overall classification performance of
individual cells shows low rates of misclassification across classes for the two-group model and
resulted in a sensitivity and specificity of 96.1% and 84.7%, respectively, for discriminating between

both groups (Table 5.3).
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Table 5.2. Variable weights for two-group and three-group PLS-DA models

Two-group PLS-DA  0.023 0.00035  0.0017 0.058 -0.000080 0.000073 -0.00092
weights

Three-group PLS-DA

weights:

Proliferating vs. rest 0.011 0.0013 0.00070  0.049 0.00051 -0.00032 0.014
Apoptotic vs. rest 0.013 -0.0027  0.0021 -0.0093 -0.00063 0.00046 -0.025
Quiescent vs. rest -0.023 0.0014 -0.0028 -0.039 0.00012 -0.00014 0.011

Table 5.3. Confusion matrix: two-group classification

Proliferating Quiescent
Predicted Proliferating 105 6
Quiescent 19 251

This approach was extended to include all three populations using one-vs-all multiclass PLS-
DA, again with measurements of pure samples from apoptotic, proliferating, and quiescent cells for
the initial training data set. Variable weights for PLS-DA models based on the entire three-group
training data set are also reported (Table 5.2). Similarly, the three-group PLS-DA showed improved
separation between proliferating, quiescent, and apoptotic populations on a per-cell basis (Figure 5.7)
compared to any single variable (Figure 5.5), yielding classification accuracy of 90.1%. A confusion
matrix representing overall classification performance of individual cells shows low rates of
misclassification across classes for the three-group model (Table 5.4). Model classification yielded
sensitivities of 87.6% (apoptosis), 82.3% (proliferating), and 97.5% (quiescent), and specificities of
97.9% (apoptosis), 95.5% (proliferating), and 93.7% (quiescent) for discriminating indicated

populations from all other sample populations.
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Figure 5.6. Posterior probability of class membership predictions from two-group partial least
squares — discriminant analysis. Classification of proliferating (triangles), and quiescent (circles)
cells yields an overall classification accuracy of 92.4%. Model classification demonstrated
satisfactory sensitivity and specificity for discriminating proliferating and quiescent populations.
(sensitivity: 96.1%, specificity: 84.7%). Each symbol is an individual cell.

Table 5.4. Confusion matrix: three-group classification

Apoptotic  Proliferating Quiescent
Apoptotic 177 6 5
Proliferating 19 93 1
Quiescent 6 14 234

Predicted
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Figure 5.7. Posterior probability of class membership predictions from three-group partial
least squares — discriminant analysis. Classification of apoptotic (pluses), proliferating
(triangles), and quiescent (circles) cells yields an overall classification accuracy of 90.1%. Model
classification demonstrated satisfactory sensitivity/specificity for discriminating each respective
population from remaining sample populations. (apoptotic: 87.6%/97.9%; proliferating:
82.3%/95.5%; quiescent: 97.5%/93.7%). Each symbol is an individual cell.

5.4.5 Application of PLS-DA models to two- and three-group co-cultures

The PLS-DA model accurately identified all cells in homogeneous samples of each
population not included in initial model training, supporting translation to heterogeneous samples.
The two- and three-group PLS-DA were subsequently applied to mixed co-cultures of proliferating,
quiescent, and apoptotic cells. Two-group PLS-DA identified proliferating cells and quiescent cells
at each plating proportion (Figure 5.8A-E). The proportion of cells classified as proliferating :
quiescent (38:62, 46:54, 64:36) are similar to their respective plated proportions (30:70, 50:50,

70:30) (Figure 5.8F).
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Figure 5.8. Two-Group PLS-DA Model Demonstration. Representative images of heterogeneous
mixtures of proliferating (green) and quiescent (blue) populations plated at various proportions (n
= 150-250 cells per mixture). (A) 100% proliferating, 0% quiescent, (B) 30% proliferating, 70%
quiescent, (C) 50% proliferating, 50% quiescent, (D) 70% proliferating, 30% quiescent (E) 0%
proliferating, 100% quiescent. (F) Graphical representation of differences between plated
proportions and measured proportions for each mixture sample. These illustrations demonstrate the
sensitivity of metabolic autofluorescence imaging to distinguish proliferating and quiescent
populations in heterogeneous samples.

Next, the three-group model was demonstrated on mixtures of all three populations (Figure
5.9). The three-group model enabled identification of apoptotic, proliferating, and  quiescent
populations in mixed samples plated at varied proportions (Figure 5.9A-C). All populations were
resolvable regardless of plating proportion. The proportion of cells classified as proliferating :

quiescent : apoptotic (35:37:28, 42:31:27, 19:34:47) are similar to their respective plated
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proportions  (33:33:33, 50:25:25, 25:25:50) (Figure 5.9D).
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Figure 5.9. Three-Group PLS-DA Model Demonstration. Representative images of
heterogeneous mixtures of proliferating (green), quiescent (blue), and apoptotic (red) populations
plated at various proportions (n = 150-250 cells per mixture). (A) 33% proliferating, 33%
quiescent, 33% apoptotic, (B) 50% proliferating, 25% quiescent, 25% apoptotic, (C) 25%
proliferating, 25% quiescent, 50% apoptotic. (D) Graphical representation of differences between
plated proportions and measured proportions for each mixture sample. These illustrations
demonstrate the sensitivity of metabolic autofluorescence imaging to quiescent populations in the
presence of proliferating and apoptotic populations, at varying proportions.

5.5 Discussion

Tumor heterogeneity is a significant challenge in new drug development and treatment planning
in cancer®. There is a need for methods to assess tumor heterogeneity in intact samples without the use

of contrast agents, so that improved therapies can be developed for heterogeneous tumors. Metabolism
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is an attractive measure of tumor heterogeneity, due to its fundamental role in malignant
transformation and in drug resistance®!! 24, Our results demonstrate that metabolic autofluorescence
imaging can discriminate cell-cycle status on a single-cell level in cell lines, without the use of contrast
agents. Metabolic autofluorescence imaging has been previously used to study single-cell response in
vivo® 1% 4 and in live, three-dimensional cultures® 3435 The current study supports the use of
metabolic autofluorescence imaging to quantify cell-cycle heterogeneity within these in vivo and three-
dimensional in vitro samples. Therefore, the proposed methods can provide further insight into

strategies to circumvent drug resistance.

To our knowledge, this study is the first to apply label-free imaging techniques and
classification algorithms to classify the cell-cycle status of single cells. Previous studies have used
fluorescent labels to characterize the metabolism of leukemic cells in different cell-cycle phases.
Oxidative phosphorylation was reported as the primary energy source for leukemic progenitor cells,
by observing levels of reactive oxygen species produced by these cells?. These findings are consistent
with our studies, specifically with the increased redox ratio in Kasumi-1 cells upon inhibition of
oxidative phosphorylation with cyanide (p < 0.05, Figure 5.2). Oxidative phosphorylation is driven by
metabolites produced in upstream pathways, which promote these cells to adopt different functional
phenotypes. Similarly, analysis of the oxygen consumption of leukemia progenitors in proliferating or
quiescent states showed that proliferating leukemic cells use more glycolytic metabolism compared to
quiescent cells®. Furthermore, perturbation with a fatty acid oxidation inhibitor (etomoxir) eradicated
the quiescent cells?’, suggesting these cells rely more heavily on fatty acid oxidation. Our results with
the same fatty acid oxidation inhibitor (Figure 5.3) are consistent with these previous findings®, and
validate the reliance of quiescent leukemic cells on fatty acid oxidation (in contrast to proliferating
leukemic cells). Additionally, comparisons of the redox ratio, NAD(P)H and FAD lifetime parameters
(tm, T1, T2, @and ay) across proliferating, apoptotic, and quiescent cells indicate that metabolism differs

with cell-cycle status (Figure 5.5).
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The redox ratio, NAD(P)H and FAD lifetime parameters (tm, T1, T2, and az) individually
demonstrate poor classification accuracy in distinguishing proliferating, apoptotic, and quiescent cells
in vitro (Table 5.1). To optimize single-cell identification, we applied PLS-DA to generate a linear
combination model of 7 measured metabolic variables (NAD(P)H 11, 12, a1; FAD 11, T2, a1; redox
ratio). Our results show that this PLS-DA improves the separation of apoptotic, proliferating, and
quiescent cells in pure samples (Figure 5.6 and Figure 5.7). Both the two- and three-group PLS-DA
models exhibited increased classification accuracy compared to the classification accuracy with any
metabolic variable alone (Tables 5.1, 5.3, and 5.4). These PLS-DA models combined with metabolic

autofluorescence imaging enable visualization of tumor heterogeneity on a single-cell level.

The PLS-DA models were applied to metabolic autofluorescence images of mixed cultures of
proliferating, apoptotic, and quiescent cells. This mixed-culture sample did result in reduced
sensitivity of the PLS-DA model to apoptotic cells compared to the pure samples. This reduced
sensitivity is likely due to drug removal from the media for co-culture experiments36. Furthermore,
the plated ratio does not directly reflect the imaged ratios of each cell-cycle group within mixed
samples. We hypothesize that discrepancies between plating and imaged ratios could be due to
secretions from apoptotic cells, which affect the cell-cycle status of other cells in the culture®.
Additional discrepancies arise from sampling error for the small field-of-view of the microscopy
images vs. the overall plated ratio. These discrepancies between plated and imaged ratios in co-culture
are consistent with those observed in our previous studies®, in which cell morphology was used for
gold standard classification of individual cells in microscopy images (cell morphology is not sufficient
to discriminate the cell-cycle in the current study). These results suggest that metabolic
autofluorescence imaging combined with PLS- DA can identify proliferating, apoptotic, and quiescent

cells in co-culture (Figures 5.8 and 5.9).

The methods demonstrated here have the potential to contribute to studies of tumor dormancy

and drug resistance. Tumor dormancy has been identified as a primary source of resistance to
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conventional therapies, because non-proliferating tumor cells lack treatment response®2. There are
many theories on the mechanisms driving tumor dormancy. One predominant theory suggests that, at
the single-cell level, quiescence within a cell sub-population of the tumor promotes the bulk mass to
enter a state of dormancy?® 33, The metabolic autofluorescence imaging and PLS-DA approach
used in this paper to identify and monitor quiescent tumor cells in the presence of both proliferating
and apoptotic cells could be used to study interactions between dormant, proliferating, and apoptotic
tumor cells, and the effect of quiescence on tumor progression. Our methods could also be used to
identify extracellular influences that initiate transitions be- tween quiescence, proliferation, and
apoptosis. Furthermore, these results support the use of cellular metabolic measurements to study the

development of tumor dormancy.

With additional validation, our approach could be applied to universally examine cell-cycle
driven tumor heterogeneity. These techniques could be translated to clinical samples, using blood
samples for blood cancers, or using organoids derived from solid tumor biopsies. Our group has
previously applied metabolic autofluorescence imaging to patient-derived organoids, to guide
personalized treatment decisions® 34 %, The tools developed in this paper could further characterize
heterogeneous cell populations within these organoids for more informed treatment planning. These
tools could also be used to study tumor dormancy in mouse models of cancer. Overall, we have
demonstrated metabolic autofluorescence imaging and PLS-DA as valuable tools for observing cell-

cycle status, which can be applied to future studies of tumor dormancy and treatment resistance.
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CHAPTER 6
CONCLUSIONS AND FINAL REMARKS
6.1 Summary and conclusions

The goal of this dissertation is to establish metabolic autofluorescence imaging and analysis for
characterizing heterogeneous cell-level interactions within the TME. Advances of non-invasive imaging
technologies have improved functional assessment of cellular heterogeneity within the TME and overall
understanding of tumor progression®. Specifically, metabolic autofluorescence imaging provides a method
to visualize cell-level metabolic dynamics in live, intact models of the 3D TME by measuring two-photon
excited autofluorescence of NAD(P)H and FAD#*. NAD(P)H and FAD fluorescence intensities and
lifetimes inform on cellular redox states and metabolic enzyme binding activity?>”’. This endogenous
functional contrast enables dynamic monitoring of heterogenous cell populations in live 2D and 3D TME

models, highlighting key advantages for practical use of metabolic autofluorescence imaging.

The work presented in this dissertation demonstrates novel application and development of
metabolic autofluorescence imaging and analysis tools to quantify sources of biological heterogeneity that
alter the TME landscape. Metabolic autofluorescence imaging quantifies single-cell metabolic changes,
demonstrating the capability to evaluate functional heterogeneity within biological systems®. Other
functional assays or imaging modalities are not equipped to provide cell-level resolution of function without
requiring tumor dissociation and destructive processing and labeling. These standard techniques provide
limited assessment of heterogeneous cell phenotypes and functions associated with the complex TME.
Furthermore, current metabolic autofluorescence applications have not thoroughly explored spatial and
temporal metabolic changes in the TME and their relationship with tumor volume. This dissertation shows
that metabolic autofluorescence imaging can non-invasively monitor the spatiotemporal behavior of
heterogeneous cell populations, and provides novel statistical analysis tools to monitor heterogeneity in the

TME.



139

Chapter 2 contributes fundamental knowledge towards the rationale for the work reported in this
dissertation. TME architecture and components of the TME that regulate tumor development and treatment
response are discussed. The dynamic behavior and heterogeneity of the TME have been widely studied, but
current characterization methods have significant disadvantages that are summarized in Chapter 2. Finally,
the principles of metabolic autofluorescence imaging and analyses are described, focused primarily on its

application to in vitro and in vivo cancer models.

Chapter 3 demonstrates metabolic autofluorescence imaging to monitor microenvironmental
stimulation of macrophage polarization and migration in 3D human and mouse microscale cultures of the
TME. Temporal assessment of macrophage metabolic heterogeneity with metabolic autofluorescence
imaging was first validated in 2D cytokine-stimulated macrophage cultures. Following validation,
metabolic autofluorescence imaging was performed in macrophage monocultures and tumor co-cultures
within the 3D Stacks microscale platform using human and mouse cells. These experiments revealed
heterogeneous macrophage metabolism and migration in response to prolonged tumor stimulation. These
results were the first to demonstrate spatial and temporal metabolic autofluorescence changes in 3D tumor-
macrophage microscale cultures. This work establishes the combined imaging and culture platform as a

novel tool for non-invasively monitoring cell-level macrophage dynamics in 3D, in vitro TME models.

Chapter 4 reports on a spatial statistical framework to quantify the heterogeneous distribution of
cell metabolism across models of the TME. This method combined density-based clustering, descriptive
spatial metrics, and multivariate spatial analyses to define sub-populations and quantify local and global
spatial relationships in in vitro and in vivo tumor models. Following validation in 2D breast tumor co-
cultures, metabolic sub-populations and their spatial distributions were characterized in control and drug-
treated 3D tumor organoids and in vivo xenografts of human squamous cell carcinoma (FaDu). This
algorithm was the first to quantify spatial distributions of metabolic sub-populations within live, intact

tumor models using metabolic autofluorescence. Overall, this analysis of intercellular spatial relationships
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provides a novel tool to assess the spatial context of TME heterogeneity and its influence on tumor growth
and treatment resistance.

Chapters 3 and 4 show that metabolic autofluorescence imaging can track spatial and temporal
heterogeneity in the TME. Chapter 5 investigates the role of tumor cell-cycle status as one source of this
heterogeneity, by testing whether metabolic autofluorescence imaging can classify cells in states of
proliferation, apoptosis, or quiescence. Here, linear combination models derived from partial least squares
- discriminant analysis (PLS-DA) were generated to accurately classify cell-cycle states within mixed
cultures based on their autofluorescence intensity and lifetime values. These findings demonstrate single-
cell metabolic autofluorescence imaging and multivariate PLS-DA as a reliable method to classify
heterogeneous cell sub-populations based on states of proliferation, apoptosis, or quiescence within live,
intact samples. These cell-cycle states are one of many sources of cell heterogeneity in the TME, and
sensitivity of metabolic autofluorescence imaging to these varied functional states demonstrates its potential
for characterizing the broad spectrum of TME heterogeneity.

Overall, this dissertation presents new developments in metabolic autofluorescence imaging and
analysis for exploring TME heterogeneity. Metabolic autofluorescence imaging is sensitive to distinct cell
phenotypes (e.g., tumor cell receptor status, drug sensitivity, cell-cycle state discussed in Chapters 4 & 5)
and changes in cell-specific function (e.g., macrophages with and without tumor stimulation discussed in
Chapter 3). Image analysis tools developed in this dissertation capture the behavior of individual cells or
populations. These imaging and analysis methods can also be extended to study spatiotemporal
heterogeneity across several disease models, highlighting the broad value of these techniques.

6.2 Significant contributions

Metabolic autofluorescence imaging has been previously used in preclinical and clinical studies
due to its sensitivity to endogenous, metabolism-linked contrast, which provides a unique biomarker of
tissue composition and function. Accordingly, metabolic autofluorescence imaging offers several
advantages for evaluating heterogeneity in viable models of the TME. This non-destructive, label-free

technique can be performed in intact 2D, 3D in vitro and in vivo samples?®*! and is sensitive to cell-level
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metabolism as a proxy of cell function®'?. This dissertation includes developments of metabolic
autofluorescence imaging and analysis to better define cell function within the heterogeneous TME.
6.2.1. Single-cell imaging and analysis tools for assessing multi-faceted functional heterogeneity

Metabolic autofluorescence imaging is attractive for monitoring cell heterogeneity, because it
achieves cellular resolution and high molecular specificity by exploiting NAD(P)H and FAD
autofluorescence?*"13, Previous work has established that metabolic autofluorescence imaging can
distinguish heterogeneous cell populations based on cell sub-types, functional states, and drug
sensitivity>681114-20 However, relationships between metabolic autofluorescence and sources of TME
heterogeneity have not been exhaustively characterized. The studies reported in Chapters 3-5 develop
imaging and analysis tools to resolve cell-level metabolic activity in populations exhibiting distinct
functions (e.g., tumor cell-cycle state, treatment response, and macrophage function), to ultimately establish
a versatile imaging tool that is sensitive to multiple sources of TME heterogeneity. The development of
cell-level analysis methods, such as population density modeling (Chapters 3 & 4) and single-cell
classification (Chapter 5), improved discrimination across these diverse cell populations based on their
metabolic variability, further enhancing the ability of metabolic autofluorescence imaging to thoroughly
characterize sources of heterogeneity. Overall, this work enhances the versatility of metabolic
autofluorescence imaging and complementary analysis methods to resolve extensive heterogeneity within
the TME and describe the distinct behavior of individual cells.
6.2.2 Novel techniques for evaluating spatial and temporal changes in biological systems

Generally, metabolic autofluorescence imaging offers a critical advantage over standard
phenotypic and functional assays by exhibiting sensitivity to spatial and temporal metabolic changes of cell
populations infiltrating live 3D TME models®®. Previous studies of metabolic autofluorescence have
assessed cellular metabolism in 3D and in vivo models sampled at a single plane?®1%11¢ This does not
fully exploit the advantages of reduced scattering and greater penetration depth offered by multi-photon
fluorescence excitation'®?, Thus, this dissertation presents work (Chapter 3) demonstrating metabolic

autofluorescence imaging as a tool for measuring spatial effects on metabolic heterogeneity. Novel in vitro
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tumor-macrophage co-culture platforms and in vivo mouse models developed in these studies also provide
more accurate models and support comprehensive investigation into the evolving TME. Furthermore,
endogenous fluorescence captured by metabolic imaging reflects dynamic metabolic activity and supports
non-destructive functional measurements over time in live, intact samples?810.111416 " Metabolic imaging
studies have previously reported altered cell metabolism in 3D in vitro and in vivo systems after sustained
exposure to various stimuli (e.g., drug, cytokine treatment), but also ignore the coincident spatial changes
in metabolic activity!®11622 The studies presented in Chapter 3 are the first to validate metabolic
autofluorescence imaging for non-invasive monitoring of cell-level 3D spatial and temporal dynamics of
cell populations (i.e., macrophages) in response to the TME.
6.2.3 Improved analytical methods for quantifying functional heterogeneity

Metabolic autofluorescence imaging has enabled significant discovery about heterogeneous
function across biological systems, due to considerable advances in image analysis®?. Multivariate
classification models based on metabolic autofluorescence measurements have been established to identify
heterogeneous non-malignant cell populations and their energy demands?2%, Additionally, spatial
analysis methods have been previously developed to determine spatial relationships within high-SNR
images of fluorescent probes within various biological samples, but these perform poorly using weak
autofluorescence contrast?®-28, Chapters 4 and 5 highlight the design of novel algorithms for classifying cell
heterogeneity and quantifying spatial relationships in tumor cell cultures by combined metabolic
autofluorescence imaging and multivariate statistical methods. Chapter 4 presents the first study to provide
a framework for analyzing function-dependent patterns of cellular organization in metabolic
autofluorescence images. This method integrated new population clustering methods, per-population
descriptive spatial metrics, and multivariate spatial statistics for unique characterization of TME structure.
The study presented in Chapter 5 adapted multivariate classification to detect heterogeneous tumor cell
populations based on cell-cycle state, providing a novel tool to evaluate tumor cell dormancy contributing

to TME heterogeneity. These innovative techniques for analyzing metabolic autofluorescence images
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improve the ability to resolve various sources of TME heterogeneity and characterize their dynamic effects
on global tumor behavior.
6.3 Future directions

In this dissertation, metabolic autofluorescence imaging is demonstrated as a robust functional
imaging technique suitable for probing the TME. Additional progress to improve output and performance
of the tools described here and in previous studies is critical to widespread use. Therefore, additional
opportunities for advancing this technology are highlighted below.

The combined metabolic autofluorescence imaging and 3D Stacks microscale platform reported in
Chapter 3 provides a relevant system to evaluate functional changes affected by tumor-macrophage
crosstalk within the TME. Though this model system mimics key components of the TME, it does not fully
recapitulate the full TME complexity driving tumor development®-32, Integration of additional TME
components, such as lymphocytes and other immune cells, stromal cells, and vasculature into these
microscale cultures may support more representative measurements of metabolic behavior in macrophages,
or other cell types. Additionally, environmental factors (e.g., oxygen and pH gradients) strongly influence
cell metabolism, so the effects of these stimuli should be considered within the co-culture platform?233-35,
Fluorescent sensors for nutrient diffusion and processing could be used to reflect local environmental
conditions in these cultures to correlate with metabolic autofluorescence changes?. Furthermore, the
composition of the TME is unique across tumor types and for each patient. Recapitulating this within the
3D culture platforms would likely better inform on the significance of inter-tumor and inter-patient
heterogeneity to tumor progression and treatment response, as well as the cell-level dynamics regulating
this response®. These adaptations could provide more comprehensive insight into the dynamic states of the
TME.

Metabolic imaging of the in vitro TME models described in this dissertation was primarily
established for observing the innate tumor-macrophage response within the TME. However, these tools are
optimal for studying longitudinal effects of perturbations, due to the high-throughput model design and

non-invasive functional imaging capability. These experiments could be modified to evaluate effects of
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cancer therapies on TME heterogeneity and the influence of the TME on treatment efficacy. This interactive
response has been previously reported using standard functional assays, limiting interpretation of
longitudinal changes in response to therapy® . Integration of metabolic autofluorescence and standard
functional measures could better elucidate biological mechanisms driving heterogeneity in cell sensitivity
to drug treatment. Thus, metabolic autofluorescence imaging in combination with 3D TME microscale
models could serve as a novel drug screening approach to reveal long-term TME function and potency
effects from new and existing drugs and drug combinations

Both in vivo and 3D in vitro models have been widely used to study tumor growth, cancer drug
response, and TME dynamics, though few studies examine how these responses differ across models*. The
studies presented in Chapter 4 demonstrate that functional differences between model systems are apparent
in the spatial analysis of metabolic autofluorescence images. However, these comparisons were made
between xenografts and 3D organoid cultures that have limited physiological similarity to the in vivo TME
(e.g., lack immune, stromal components). This similarity was also limited for xenografts as they were not
engrafted in the originating tissue associated with the tumor type. As mentioned previously, 3D microscale
cultures presented in Chapter 3 can be developed to better represent the TME landscape. Metabolic imaging
of more physiologically accurate in vivo tumors grown within the natural tissue environment and complex,
multi-cellular in vitro cultures in parallel could provide more direct functional comparisons between these
widely-used models. Development of multiphoton endoscopy utilizing endogenous tissue contrast supports
translation of this technique for characterization of the in vivo human TME**4, However, limited
spatiotemporal resolution of current endoscopic methods suggests metabolic autofluorescence imaging may
be best suited for preclinical studies to resolve cell-level heterogeneity within ex vivo patient tissue*34,
Collectively, these studies could reveal sources of discordance between in vitro and in vivo treatment studies
and inform model selection to improve studies of drug efficacy.

The advancement of analysis tools demonstrated in this dissertation have independently contributed
significant findings about TME dynamics and underlying sources of heterogeneity. However, integration

of these techniques would support more comprehensive assessment of the TME landscape. For example,
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spatiotemporal metabolic changes could be evaluated for multiple cellular compartments while accounting
for environmental pressures across the TME. Furthermore, the spatial and metabolic variables provided by
these analyses could be used in building more robust classification algorithms and improve discrimination
between these populations within complex, intact TME models. The classification models reported here
demonstrated high performance in heterogeneous, in vitro tumor cell cultures. Due to the unigue metabolic
autofluorescence differences also observed in heterogeneous macrophage cultures, it would be valuable to
evaluate the translation of these models to utilize all metabolic and spatial variables for improved separation
of macrophage populations, possibly further highlighting versatility of these methods. However, the power
of this analysis would be better evidenced upon validation for classification of diverse cell populations in
vivo. Thus, additional imaging studies measuring quiescent and proliferative niches in in vivo leukemic or
other tumor models would reinforce the application of these tools. Ultimately, a fully-integrated analytical
framework for quantifying and classifying cell-specific metabolic autofluorescence would be significant
for exploring heterogeneity in both normal and diseased tissue environments.
6.4 Final remarks

In summary, the work presented in this dissertation has illustrated substantial innovations in
metabolic autofluorescence imaging technologies and analyses for probing TME heterogeneity. Current
developments and future translation of these tools may provide better understanding of variable behavior
of cellular compartments across the complex TME and how these responses are provoked. This could
facilitate new insights into microenvironment-associated effects on tumor evolution and response to therapy
and identify novel treatments targeted to tumor heterogeneity. Further advances in coupling these
increasingly complex models and computational tools would promote rigorous functional studies of cancer
and disease progression. Overall, cell-level metabolic autofluorescence imaging and quantitative analysis
of heterogeneity offer a powerful method for exploring diverse function across biological systems that are

critical to improving medical diagnoses and treatment.
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Figure A.1: Fluorescence lifetimes of NAD(P)H and FAD exhibit differences between macrophage
polarization states. Quantitative measurement of A) NAD(P)H 11, B) NAD(P)H 12, C) NAD(P)H a4, D)
FAD 11, E) FAD 12, F) FAD a4, illlustrate metabolic differences across 2D cultures of RAW264.7
macrophages polarized to MO, M(IFN-y), and M(IL4/IL13) over a 72-hour timecourse. Fold change of
NAD(P)H tn in response to treatment with G) 2-deoxyglucose, H) sodium cyanide, and I) etomoxir and
FAD 1 in response to treatment with J) 2-deoxyglucose, K) sodium cyanide, and L) etomoxir in M(IFN-
v) and M(IL4/IL13) macrophages shows metabolic inhibitor treatment alters NAD(P)H and FAD mean
lifetimes of 2D polarized mouse macrophages. Population distribution modeling demonstrates metabolic
heterogeneity for single-cell NAD(P)H tn over M) 24 hours, N) 48 hours, and O) 72 hours and FAD 1t
over P) 24 hours, Q) 48 hours, and R) 72 hours in macrophages unstimulated (MO) and stimulated to
M(IFN-y) and M(IL4/IL13).
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Figure A.2: Assessment of non-specific metabolic and migration effects in 3D Stacks co-cultures.
Quantitative measurement of A) redox ratio, B) NAD(P)H tm, and C) FAD 1 across 3D RAW264.7
macrophage monocultures or co-cultures of Polyoma Middle T-virus (PyVMT) breast cancer and
RAW?264.7 macrophages 1 hour post-seeding. Significant differences were not observed in redox or
lifetime measurements between monocultured and co-cultured macrophages, demonstrating metabolic
autofluorescence of monoculture and co-cultured moacrophages are similar upon initial seeding.
RAW264.7 macrophages were seeded at the top and bottom of 3D ECM layers, and migration was
measured at D) 2 hours, E) 48 hours, and F) 72 hours. Migration was quantified from cell counts at each
3 um slice divided by the total cell count across the entire 3D macrophage layer.
RAW264.7+RAW264.7 co-cultures exhibit minimal changes in cell distribution across the collagen
layer, suggesting actively-migrating macrophage populations are absent in macrophage-macrophage co-
cultures and active migration observed in tumor-macrophage co-cultures is induced by tumor stimuli.
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Figure A.3: Prolonged co-culture of mouse breast cancer and macrophages yields heterogeneous
NAD(P)H and FAD fluorescence lifetime and migration compared to monoculture. Quantitative
measurement of A) NAD(P)H 11, B) NAD(P)H 12, C) NAD(P)H o1, D) FAD 11, E) FAD 12, F) FAD 04,
across 3D RAW264.7 macrophage monocultures or co-cultures of Polyoma Middle T-virus (PyVMT)
breast cancer and RAW264.7 macrophages over 24, 48, and 72 hours. Population distribution modeling
of single-cell NAD(P)H tn at A) 24 hours, B) 48 hours, and C) 72 hours post-seeding and FAD 1, at
D) 24 hours, E) 48 hours, and F) 72 hours post-seeding in monocultures and co-cultures. Representative
heatmaps of M) NAD(P)H tm and N) FAD tn during RAW264.7 macrophage migration in 3D
monocultures and co-cultures with PyVMT breast carcinoma. Both monocultured and co-cultured
macrophages display increased heterogeneity in NAD(P)H and FAD lifetime, regardless of time and

migration distance.
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Figure A.4: Primary human tumor cells stimulate changes in NAD(P)H and FAD fluorescence
lifetime and cell migration in co-cultured human monocyte-derived macrophages. Quantitative
measurement of A) NAD(P)H t1, B) NAD(P)H 12, C) NAD(P)H a1, D) FAD 11, E) FAD 12, F) FAD o
across 3D monocultures of human THP-1s or co-cultures of primary breast cancer cells and THP-1s
over 24, 48, and 72 hours. Representative heatmaps of G) NAD(P)H tmand H) FAD tm during THP-1
migration in 3D monocultures and co-cultures with primary breast carcinoma. Both monocultured
monocytes and co-cultured monocyte-derived macrophages exhibit substantial heterogeneity in
NAD(P)H and FAD lifetime within z-planes across the 3D layer at all timepoints.
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Figure A.5: Metabolic changes in human THP-1s following co-culture with MDA-MB-231 human
breast carcinoma. A) Representative autofluorescence images demonstrate qualitative differences in
the optical redox ratio, NAD(P)H tm, and FAD 1 in 3D monocultures of human THP-1s or co-cultures
of MDA-MB-231 breast cancer and THP-1s. Scale bar = 50 um. Quantitative trends in B) redox ratio,
C) NAD(P)H tm, D) FAD 1m, E) NAD(P)H 11, F) NAD(P)H 72, G) NAD(P)H a1, H) FAD 11, 1) FAD 13,
and J) FAD a; of monocultures or co-cultures over 24, 48, and 72 hours;*,** *** p<0.05,0.01,0.001 vs

monoculture.
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Table A.1: Significance of redox ratio fold change in inhibitor-treated 2D cytokine-stimulated
mouse macrophages

Inhibitor

M(IFN-y)

M(IL4/IL13)

Redox ratio fold change

Redox ratio fold change

relative to MO p-value relative to MO p-value
2-Deoxyglucose -0.5030 <0.000001 -0.3283 0.000676
Sodium cyanide 0.5729 <0.000001 0.8256 <0.000001
Etomoxir 0.3084 0.000007 0.6204 <0.000001
Table A.2: Mouse and human macrophage polarization gene panels
Gene Refseq # Official Full Name Associated
Symbol Phenotype’®
Mouse gene panel
Stat3 NM_ 011486 signal transducer and activator of transcription 3 M2-like
Vegfa NM_001025 vascular endothelial growth factor A M2-like
Ccl5 NM_ 013653 chemokine (C-C motif) ligand 5 M1-like
1110 NM_ 010548 interleukin 10 M2-like
Ptgs2 NM 011198 prostaglandin-endoperoxide synthase 2 M2-like
Ccl2 NM_ 011333 chemokine (C-C motif) ligand 2 M1-like
l123a NM_ 031252 interleukin 23, alpha subunit p19 M1-like
Ccl22 NM_009137 chemokine (C-C motif) ligand 22 Mixed
112b NM_008352, interleukin 12b Mixed
XM_006532306
I11b NM_008361, interleukin 1 beta M1-like
XM_006498795
116 NM_031168 interleukin 6 Mixed
Nos2 NM_010927, nitric oxide synthase 2, inducible Mixed
XM_006532446
Cxcl5 NM_009141 chemokine (C-X-C motif) ligand 5 M1-like
Tnf NM_013693, tumor necrosis factor Mixed
NM_001278601
Hsp90abl NM_008302 heat shock protein 90 alpha (cytosolic), class B Reference gene
member 1
Pgkl NM_008828 phosphoglycerate kinase 1 Reference gene
Human gene panel
Vegfa NMO001025366 vascular endothelial growth factor A M2-like
1110 NM_000572 interleukin 10 Mixed
Ptgs2 NM_000963 prostaglandin-endoperoxide synthase 2 M2-like
Ccl2 NM_002982 chemokine (C-C motif) ligand 2 M1-like
Ccl22 NM_00990 chemokine (C-C motif) ligand 22 M2-like
112b NM _00187 interleukin 12b Mixed
I11b NM_000576 interleukin 1 beta M1-like
116 NM_000600 interleukin 6 Mixed




155

Nos2 NM_000625 nitric oxide synthase 2, inducible Mixed

Tnf NM_000594 tumor necrosis factor M1-like
Csfl NM_000757 colony stimulating factor 1 (macrophage) Mixed
Tgfbl NM_000660 transforming growth factor, beta 1 Mixed
Actb NM_001101 actin, beta Reference gene
B2m NM_004048 beta-2-microglobulin Reference gene

Table A.3: Coefficients of variation (CV) and significance of CV equality for optical redox ratio
in 2D cytokine-stimulated mouse macrophages and 3D mouse monocultures and co-cultures

Time Coefficient of variation Squared ranks test
2D culture
MO M(IFN-y) M(IL4/IL13) Test Statistic
24 hours 0.786 1.05 1.23 -4.512 (%)
48 hours 0.963 0.892 1.08 -78.823 (%)
72 hours 1.04 1.11 1.06 -78.609 (*)
3D culture
Monoculture Co-culture
24 hours 0.357 25.654 (%)
48 hours 0.385 8.997 (%)
72 hours 0.339 29.400 (%)

(%) p <0.05
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B. SUPPLEMENTARY MATERIAL FOR CHAPTER 4
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Figure B.1. Validation of density-based clustering of cell sub-populations. (a) Population density
modeling using kernel density estimation visualizes cell sub-populations in breast carcinoma co-cultures
plated at known proportions. (b) Classification with density-based clustering analysis demonstrates high
accuracy for all co-culture conditions compared to actual classification (manual classification by an expert
based on morphology [24]) analysis demonstrates high accuracy for all co-culture conditions compared to
actual classification (manual classification by an expert based on morphology [24])
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Figure B.2. Organoid diameter measurements across control and treated conditions. Organoid
diameter is calculated for each control organoid and cetuximab-, cisplatin- and combination-treated
organoids. Control organoids are smaller in diameter compared with cetuximab-treated organoids.
Diameter differences between all other treatment conditions lack significance. (**p <0.01; Tukey-HSD
test).
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Figure B.3. Significance and effect size heatmaps reveal differences in spatial parameters between
responsive and resistant populations in control and treated xenografts and organoids. Heatmaps show
the direction of change, significance, and effect size for row conditions with respect to the column
conditions. Statistical significance (asterisks) and effect size (notated values) of (a) xenograft intra-
population proximity, (b) organoid intra-population proximity, and (c) organoid centricity is calculated
between responsive and resistant populations in each treatment condition. (*, ****p <0.05, 0.0001; Tukey-
HSD test). Con = control; Cet = cetuximab; Cis = cisplatin; Com = combination.
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Figure B.4. Global Moran’s I for NAD(P)H and FAD intensity and fluorescence lifetime components
in control and drug-treated xenografts. Moran’s I is calculated for each xenograft across treatment
conditions for the following metabolic variables: (a) NAD(P)H tm, (b) NAD(P)H 11, and (¢) NAD(P)H o4,
(d) FAD 1, (e) FAD 1, (f) FAD a4, (g) redox ratio, (h) NAD(P)H intensity, and (i) FAD intensity. Positive
spatial autocorrelation (I > 0) is observed for all intensity and lifetime measurements for each treatment
condition.
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Figure B.5. Local indicators of spatial association (LISA) for NAD(P)H and FAD intensity and
lifetime components across xenograft treatment groups. Unique clustering patterns are observed for (a)
NAD(P)H T, (b) NAD(P)H 11, (¢) NAD(P)H a1, (d) FAD 1m, (¢) FAD 11, (f) FAD a4, (g) redox ratio, (h)
NAD(P)H intensity, and (i) FAD intensity measurements between control and cetuximab-, cisplatin-, and
combination-treated xenografts.
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Figure B.6. Local indicators of spatial association (LISA) for NAD(P)H and FAD intensity and
lifetime components for responsive and resistant xenograft populations. Clustering patterns for
responsive and resistant populations are shown for (a) NAD(P)H tm, (b) NAD(P)H 11, (c) NAD(P)H a4, (d)
FAD 1tm, (¢) FAD 11, (f) FAD a1, (g) redox ratio, (h) NAD(P)H intensity, and (i) FAD intensity
measurements.
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Figure B.7. Global Moran’s I for NAD(P)H and FAD intensity and fluorescence lifetime components
in control and drug-treated organoids. Organoids across treatment groups exhibit minimal spatial
autocorrelation (0.5 > | > 0) for (a) NAD(P)H 1, (b) NAD(P)H 11, (¢) NAD(P)H 12, and (d) NAD(P)H
intensity measurements, as well as (¢) FAD tm, (f) FAD 11, (g) FAD 12, and (h) FAD intensity measurements

Treatment Group Control Cetuximab D Cisplatin D Combination
)
. _1ooo 4000 7100
2000 M
< 3 £ g
s 800 W E 750
o 1600 .,I'? | 53500' E‘ '
a = = = 500/
< 2600- 2 S /A
2 / 3 = z
gi200 A3 2 - L~ [= 3000 Z 20
o - @, 0] @ = e 1
e = g0 | g A 2
== 8 0
= w0 T ; 3 3 . i ~ 2500 1 - - ! ’
fo00 1500 2000 400 800 2500 3000 3500 4000 0 400 800
E NAD{P)}H t_(ps) F NAD(P)H 1, (ps) G NAD(P)H t,(ps) H NAD(P)H Intensity
800
1600 3000 I aano
m ‘@ ~ [
= L2700 v 600
TE1400 - ) 22900 ﬂ : |
a fa} LL 2800 0400
¢ S o ol i =
T 1200 < - / o700 v C/
% C) [w| S z |
& 500 o
5 1000 o | 2600 > |
L] o
3 & o0
T 7 Y : R - - i 2500 275!1 3000 0 250 500 750 1000
750  100Q_ 1250 1500 .
%ap T_(ps) FAD T, (ps) FAD <, (ps) FAD Intensity

Figure B.8. Local indicators of spatial association (LISA) for NAD(P)H and FAD intensity and
lifetime components across organoid treatment groups. Differences in clustering of (a) NAD(P)H tm,
(b) NAD(P)H 11, (c) NAD(P)H 12, (d) NAD(P)H intensity, (¢) FAD tm, (f) FAD 11, (g) FAD 1, and (h) FAD
intensity measurements are observed between control organoids and organoids treated with cetuximab,
cisplatin, or their combination.
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Figure B.9. Local indicators of spatial association (LISA) for NAD(P)H and FAD intensity and
lifetime components for responsive and resistant organoid populations. Responsive and resistant
populations exhibit characteristic clustering of (a) NAD(P)H tm, (b) NAD(P)H 11, (c) NAD(P)H 12, and (d)
NAD(P)H intensity measurements, as well as (e¢) FAD tm, (f) FAD 11, (g) FAD 12, and (h) FAD intensity
measurements.



164

A Control B Cetuximab C Cisplatin D Combination
O - 'ﬁ__\ '.. [ |
| =
o = .
Sl iy B
L o o ™ mD_® ..I .
o LR BN O Ol
g u] .. - O o l'.EE:D
Q n | | g =« OO0 |:|D|:|
> n o o L -
= .m'm AL , D%Eé a
|- «Of gp as
‘s -elj1|:|1.n. 5|:|a|:||D|.:.s.
E F
a . . DD o

- o .. ..DE Ej.n -lﬂl.- o
: ropfle T :
c u DBE-“- L a 2
o [ nl Tl | .
U, o, ~ [ " = n . o
T o - o
@) a o ..' o . i

O-0-o=a ({FGoenll [{Foen-@l [O0-0c0n

Figure B.10. Representative spatial principal components analysis (SPCA) maps. Individual
SPCA scores along the first principal axis are mapped to corresponding cells within xenografts (a-
d) or organoid (e-h) images. Square size represents magnitude of the score. Positive scores are
color coded black, while negative scores are color coded white.
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Figure B.11. Assessment of inter-sample variability across treatment groups within
xenograft and organoid models. Metabolic and spatial variables for each (a) xenograft and (b)
organoid sample were Z-score transformed with respect to the corresponding control sample
averages and plotted as heatmaps to visualize relative differences between control and treated
samples. Gray boxes indicate samples without a value for a given variable, due to lack of variation
across the control samples.
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Table B.1: List of abbreviations

Abbreviation Explanation

OMI Optical metabolic imaging
FLIM Fluorescence lifetime imaging
Tm Mean lifetime
T Short lifetime
T Long lifetime
o1 Fractional component
dcell_diameter Average cell diameter

spatial PCA Spatial principal components analysis

LISA Local indicators of spatial association





