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(dark gray). HepG2 and neurospheroid graphs contained eight microtissues per datapoint
and two independent experiments (blue and orange). MCF7 graphs contained three gels
per datapoint and two independent experiments (blue and orange). 2DG: 2-Deoxy-D-
glucose, Oli: oligomycin A, Tri: Triton X-100, Mel: melittin, Cis: cisplatin, Mef:
melphalan, Pac: paclitaxel, Neuro: neurospheroid. See methods for data fit exclusion
criterion. Published in Zein-Sabatto A., et al., 2025. ......cccoeoiiiiiiiiiieeeeeeeeeeeee e, 67
Figure 11. Linear regressions from the Click-iT EdU proliferation assay. EAU proliferation
assay data was collected from various compounds (columns) in various microtissues (rows)
using previously derived lethal concentrations. Data from all microtissues was normalized
to their controls. A regression was fitted to each treatment group using a linear mixed
effects model (LME, black lines). Error bars and shaded gray regions signify the 95%
confidence intervals. A dose-response was considered substantial when the p-value of the
LME fit was p<0.05 and the absolute value of the slope was greater than 0.1 (dark gray).
All datapoints contained 20 microtissues per condition and two independent experiments
(blue and orange). 2DG: 2-Deoxy-D-glucose, Oli: oligomycin A, Tri: Triton X-100, Mel:
melittin, Cis: cisplatin, Mef: melphalan, Pac: paclitaxel, Neuro: neurospheroid. See
methods for data fit exclusion criterion. Published in Zein-Sabatto A., et al., 2025. ....... 68
Figure 12. Slopes derived from linear mixed effects models fitted with linear regressions

for all conditions. These slopes captured inter-assay response to various treatments
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(columns) in all tissue culture types (rows). Error bars represent 95% confidence intervals
in the slopes. Different colors represent the different assays used (red: CellTiter-Glo 3D,
blue: Live/Dead, yellow: Caspase-Glo 3/7 3D, cyan: Click-iT EdU proliferation assay).
2DG: 2-Deoxy-D-glucose, Oli: oligomycin A, Tri: Triton X-100, Mel: melittin, Cis:
cisplatin, Mef: melphalan, Pac: paclitaxel, neuro: neurospheroid. Published in Zein-Sabatto
AL, €L AL, 2025 ittt 69
Figure 13. Dose-response simulation data validates the use of principal component
analysis (PCA) to analyze multimodal datasets. (a) Input dose-response curves with slopes
of increasing magnitude (top to bottom) were plotted against the ideal response which
generates a slope of -1.0 (triangles). (b) The first two principal components (PC1 and PC2)
from the PCA were plotted on a scatterplot. (¢) PCA loadings for both components were
plotted along a red unit circle. Loading plot vectors (dashed lines) display the magnitudes
of both PC1 and PC2 loadings when projected onto their respective axis. The percentages
displayed near the x and y axes represent the percent of data variation captured by PC1 and
PC2, respectively. (d) PC1 from each simulation was plotted against its theoretical lethal
concentration, and a second order polynomial was fitted to the data (black lines). Multi-
mechanisms LCso (MMLCso) was calculated by taking two-thirds of the full data range and
subtracting it from the vehicle control PC1 value, then projecting that value on the x axis
(gray dotted lines). Published in Zein-Sabatto A., et al., 2025. .......ccceevviieeciieeieeeiees 70
Figure 14. Principal component analysis (PCA) panel of HepG2 microtissues treated with
various compounds. HepG2 multimodal data which contained results from four
independent assays using previously determined lethal concentrations (LC) were

transformed to two principal components (PC1 and PC2) using PCA. Scatterplots
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visualized the distribution of the data, and the percentage of variance captured by each
component was reported. PC1 data was also plotted as a function of lethal concentration,
and a second order polynomial was fitted to the data (black lines). Multi-mechanisms LCso
(MMLCso) was calculated by taking two-thirds of the full data range and subtracting it
from the vehicle control PC1 value, then projecting that value on the x axis (gray dotted
lines). Each condition contained 16 microtissues (n=8 microtissues per condition and two
independent experiments). Published in Zein-Sabatto A., et al., 2025. .......c.ccceeveriennee 72
Figure 15. Principal component analysis (PCA) panel of MCF7 microtissues treated with
various compounds. MCF7 multimodal data which contained results from four
independent assays using previously determined lethal concentrations (LC) were
transformed to two principal components (PC1 and PC2) using PCA. Scatterplots
visualized the distribution of the data, and the percent of variance captured by each
component was reported. PC1 data was also plotted as a function of lethal concentration,
and a second order polynomial was fitted to the data (black lines). Multi-mechanisms LCso
(MMLC50) was calculated by taking two-thirds of the full data range and subtracting it
from the vehicle control PC1 value, then projecting that value on the x axis (gray dotted
lines). Each condition contained data from six replicates (n=3 datapoints per condition and
two independent experiments). Published in Zein-Sabatto A., et al., 2025. ..................... 73
Figure 16. Principal component analysis (PCA) panel of neurospheroids treated with
various compounds. Neurospheroid multimodal data which contained results from four
independent assays using previously determined lethal concentrations (LC) were
transformed to two principal components (PC1 and PC2) using PCA. Scatterplots

visualized the distribution of the data, and the percent of variance captured by each
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component was reported. PC1 data was also plotted as a function of lethal concentration,
and a second order polynomial was fitted to the data (black lines). Multi-mechanisms LCso
(MMLC50) was calculated by taking two-thirds of the full data range and subtracting it
from the vehicle control PC1 value, then projecting that value on the x axis (gray dotted
lines). Each condition contained 16 microtissues (n=8 microtissues per condition and two
independent experiments). Published in Zein-Sabatto A., et al., 2025. .........ccceevvervennnen 74
Figure 17. The loadings from the first principal component were reported for all
conditions. Different colors represent the different assays used (red: CellTiter-Glo 3D,
blue: Live/Dead, yellow: Caspase-Glo 3/7 3D, cyan: Click-iT EdU proliferation assay).
2DG: 2-Deoxy-D-glucose, Oli: oligomycin A, Tri: Triton X-100, Mel: melittin, Cis:
cisplatin, Mef: melphalan, Pac: paclitaxel, Neuro: neurospheroid. Published in Zein-
Sabatto A., €t al., 2025. ...t an 76
Figure 18. The optical setup of the spectral domain OCT system can be seen in the top
panel. Light from a broad-band light source is split into a reference and sample arm. The
light’s spectral properties are then measured using a diffractive element and spectrometer.
The spectral interference signal is then reconstructed into an A-scan using a Fourier
transform. Adapted from Aumann S., et al., 2019, ......c.ooviiiiiiiiieiiee e, 88
Figure 19. An example structural equation model path diagram with mixed manifest
variables (shown in rectangles) and latent variable (shown in circles). Unidirectional
arrows signify a causal path while bidirectional arrows represent variance. The & represents
the exogenous latent variable that affects the manifest variables (x1, x2, x3). The o terms

represent the residual error of the manifest variables. The 6 and ¢ terms represent the

XX1V



variance of each manifest and latent variable, respectively. Adapted from UCLA: Statistical
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CHAPTER 1: INTRODUCTION

1.1Cancer Overview

1.1.1 Background and Epidemiology

The human body is made up of tens of trillions of cells responsible for maintaining
and sustaining life.! Healthy cells regularly replicate to replace aging or damaged cells in
a controlled manner; however, genetic mutations may deregulate this process resulting in
uncontrollable proliferation. Solid tumors may form when these abnormal and highly
proliferative cells amass. Tumors may be classified as benign or malignant depending on
their growth rate, morphology, and potential for metastasis.? If left unchecked, malignant
tumors can spread to other parts of the body, disrupt essential organ functions, and cause

death. The diseases characterized by this pathophysiology are known as cancer.

The American Cancer Society (ACS) alongside the National Cancer Institute (NCI)
provide annual reports regarding the healthcare impact of cancer in the United States. In
2024 alone, there were approximately 2,001,140 new cancer cases and 611,720 cancer
fatalities in the United States.’ It was also estimated that roughly 40% of people in the
United States will be diagnosed with cancer in their lifetime.® Breast, prostate, lung, and

colorectal cancers were among the most common sites for cancer (in descending order).



New Cases 2024 Deaths 2024
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Figure 1. Selected statistics from the 2024 National Cancer Institute’s Surveillance, Epidemiology, and End
Results Program. The four cancer sites responsible for the most new cases (left) and deaths (right) were
reported as a percentage of all cancers.

Nevertheless, lung cancer disproportionately accounted for the most deaths among men
and women (Fig. 1). Despite the overall decrease in cancer mortality, incidence rates from
2015-2019 annually increased by 0.6%-1% for breast, pancreas, and uterine corpus cancers
and by 2%-3% annually for prostate, liver, and kidney cancers.’ The epidemiological data
collected by the ACS and NCI highlight the current healthcare burden imposed by cancer
and emphasize the projected increase in prevalence for the near future. Advancements in
cancer prevention, detection, and treatment will be crucial to counteract this challenging

disease.



1.1.2 Advancements in Cancer Therapy

Conventional Therapy

Prior to the 1900s, cancer therapy heavily relied on resection and cauterization as
the only means of treatment.* Advancements in the early to mid-1900s saw the introduction
of radiotherapy and chemotherapy. Many new cancer therapies have emerged and
revolutionized the pharmaceutical industry over recent years; nevertheless, resection,
radiation, and chemotherapy remain as the fundamental basis for cancer therapy. The

primary scope of this thesis will focus on pharmacological approaches for cancer treatment.

Chemotherapies cover a broad range of pharmacologically active compounds that
aim to inhibit tumor cell proliferation through cytotoxic mechanisms. Many classes of
chemotherapies are approved for various cancer types including alkylating agents,
antimetabolites, and taxanes. According to the Food and Drug Administration (FDA)
database, mechlorethamine hydrochloride (nitrogen mustard) was the first chemotherapy
approved in 1949. This organic compound is classified as an alkylating agent. Alkylating
agents target DNA through intercalation and crosslinking which ultimately results in the
inhibition of DNA replication and repair.>~’ Antimetabolites such as purine and pyrimidine
analogs permeate into cells and compete with normal metabolites of DNA to inhibit
replication.”® At higher concentrations, these analogs may be inserted into DNA more
frequently. Ultimately, when these analogs accumulate, they improperly trigger DNA
mismatch repair and form DNA fragments leading to apoptotic cell death.”® Taxanes form
another class of drugs that disrupt the polymerization or depolymerization of microtubules
within the cell.”” The cell’s failure to form a mitotic spindle during M-phase prevents it
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from dividing and results in cell death.” In general, the cytotoxic properties of
chemotherapies differentially impact faster replicating cells like tumors; however, they are

commonly associated with systemic toxicity and negative side effects.

Traditionally, chemotherapies have been administered following recommended
guidelines developed by oncologists based on population metrics and broad clinical trials.
One retrospective study estimated that 52.3% of patients eligible for chemotherapy will

respond positively to their first-line treatment.'”

The variability in treatment response may
be explained by inter and intra tumor heterogeneity found across all cancers.!! This

characteristic property of tumors has shifted the foundations of cancer treatment toward a

more patient-centric approach.
Precision Oncology

One approach to improve patient response to cancer treatment involves precision
oncology. Precision oncology relies on identifying key, patient-specific markers that drive
tumorigenesis. Genes, environmental factors, and lifestyle choices are evaluated for each
individual patient to provide them with the most appropriate treatment regimen.
Technological advancements in gene sequencing, proteomics, and metabolomics have
given precision medicine initiatives momentum in the fight against cancer.'> Most notably,
tumor gene sequencing has provided great insight towards uncovering biological
mechanisms driving tumorigenesis.'> The ability to identify the specific protein
interactions, signaling cascades, and immunogenic factors that contribute to cancer
development is crucial for targeted therapeutic approaches. Under precision oncology, a

patient with breast cancer would receive a genetic screen to identify which tumor subtype



they express: Luminal A, Luminal B, human epidermal growth factor receptor 2 (HER2)-
positive, or triple-negative breast cancer.!* A patient with HER2-positive cancer may
receive Trastuzumab (a HER2 inhibitor) while a patient with triple-negative cancer would
be eligible for Olaparib (a PARP inhibitor).!* !¢ Ultimately, the patients would be given a

treatment with the maximal therapeutic capacity tailored specifically to their cancer.

Genomic-based precision oncology has its share of limitations. Most notably,
precision approaches underestimate the genetic heterogeneity of tumors. In breast cancer,
~50% of genetic variants that predispose patients to tumor formation are unexplained.'”
Patients with unexplained mutations cannot be matched with a targeted therapy and would
receive traditional first-line therapy instead. Systemic analysis of over 4,000 cancers from
The Cancer Genome Atlas (TCGA) revealed that 18% of cases had one or more rare
mutations in 624 genes associated with cancer.'® Similarly, a study conducted on the TCGA
found that solid tumors have approximately 30 cancer-related alterations, but only 17% of
them can be targeted.'” Another study conducted on 4,068 pan-cancer samples identified
only 241 cases (5.9%) that had FDA-approved drugs following their primary indications.*
It is currently impractical for the drug discovery pipeline to develop targeted therapies for
all genetic variants of tumors. Challenges associated with genetic heterogeneity also extend
to intratumor variability. Multiregional sequencing of four tumors revealed spatially unique
somatic mutations leading to phenotypic intratumor diversity.?! Sampling bias may lead to
incomplete genetic profiling and the selection of partially effective therapies. Finally,
genetic screens captured at a single timepoint do not predict clonal evolutionary branching

due to genomic instability, extrinsic factors, or iatrogenic pressure.’>?



Functional Precision Medicine

Unlike precision oncology, functional precision medicine (FPM) aims to
empirically test the effectiveness of treatments using patient-derived samples and

predictive biomarker screens (Fig. 2).%*

This approach has the potential to predict the
phenotypic patient-drug response in a relatively short amount of time. It would also enable
oncologists to simultaneously assess the performance of multiple drug regimens for each
patient. Different combinations, concentrations, and sequences of treatments can be tested
using FDA approved drugs, drugs undergoing clinical trials, and molecularly relevant drugs

repurposed outside their primary indication. This is advantageous for patients since they

would be pre-screened and treated with the best available therapy for their tumor (Fig. 2).

@

Tumour

Figure 2. Illustration of functional precision medicine in oncology. Tumor cells are first extracted from the
patient via a biopsy and cultured in vitro (top left, clockwise). Once cultured, a variety of therapies can be
screened directly in the cells. Various predictive biomarker tests can be implemented to identify which
candidate therapy has the best therapeutic potential in the patient. The efficacy of the treatment can be
confirmed using medical imaging techniques. Adapted from Wensink G.E., et al., 2021.



Technological Challenges Limiting FPM Implementation

FPM requires the growth and culture of tumor cells extracted from patient biopsy
tissue. Human tumor cells are relatively easy to culture in two-dimensional (2D) in vitro
models; however, many studies have challenged their ability to reliably mimic the clinical
response.”>’ 2D cultures are generally more sensitive to treatments, do not recapitulate
the native tumor microenvironment, and have altered gene expression that challenge their
clinical relevance.’®* Patient-derived xenograft (PDX) models address these in vitro
challenges and are commonly established by engrafting human tumor cells into an
immunodeficient rodent.*® Successful engraftments result in tumor vascularization and
proliferation. PDX models have been shown to consistently and reliably predict clinical
outcomes of the tumor drug response in patients.>!>* The high clinical relevance of PDX
models is due to their ability to maintain similar tumor microenvironments, gene
expressions, and mechanisms of chemoresistance found in the original patient tumor.®!-**
Nevertheless, the widespread implementation of PDX models for FPM applications is
challenging. Successful tumor take rates depend on cancer type and vary from ~60% for
colorectal cancer, 15-24% for breast cancer, and 10-15% for prostate cancer.**>® Ethical
concerns, cost, and resources involved in PDX platforms are nontrivial and preclude its

widespread implementation in FPM. As a result, there is a critical need for the development

of testing platforms that are easily scalable and accurately predict the patient drug response.

The successful implementation of FPM will also depend on analyzing drug
screening outputs using a high-throughput approach. Cell viability assays are commonly
used tools to assess cell health and rely on quantifying the presence of certain biomarkers

within a sample. Many assays employ colorimetric changes, fluorescent tagging, or
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enzyme-substrate interactions to produce an output signal. This is often achieved through
the addition of exogenous reagents with cytotoxic properties (e.g., propidium iodide and
trypan blue) or the implementation of cell lysis in their protocols (e.g., CellTiter-Glo ATP
assay). Terminal assays provide viability data from a single timepoint; therefore, temporal
changes in viability are captured by increasing the sample size and sequentially analyzing
a subset of the population over time. Furthermore, multiple terminal assays cannot be
conducted within the same sample. This is also addressed by increasing the sample size
and allocating subsets of the sample population to each assay. If these traditional cell
viability assays are implemented, then high-throughput FPM applications will require
sufficiently large sample sizes for an effective screen. This is a major challenge facing FPM
since patient biopsy sizes can be limited.3”*® Live-cell imaging dyes help circumvent these
limitations; however, they are susceptible to photobleaching and phototoxicity.>* Next-
generation luminescence assays that offer multiplexing compatibility are becoming more
available. These assays can provide continuous readouts from the same sample for up to
72 hours; however, there are associated limitations.*’ One limitation involves the depletion
of enzyme pro-substrates in metabolically active cells over time.*° This requires the careful
calibration of cell seeding density and incubation time to ensure the assay output remains
linear as cells continue to proliferate. Another limitation of assays, particularly those that
require substrates to permeate into live cells, involves efflux pumps. P-glycoprotein, an
efflux pump commonly attributed to multidrug resistance in tumors, has been shown to
actively reduce the accumulation of dyes and other probes within the cell.*'** These
challenges highlight the second obstacle to implementing FPM which necessitates the

development of viability testing that can be applied to limited sample sizes without



sacrificing analytical outputs. Ideally, this approach should be sensitive, nondestructive,

and feasible for longitudinal high-throughput screening (HTS) applications.

1.2 Addressing FPM Challenges

1.2.1 Three-Dimensional In Vitro Models of Cancer

The development of next-generation, three-dimensional (3D) culturing platforms
has transformed disease modeling, drug discovery, and tissue engineering. These models
help address the technological gap between traditional 2D in vitro and complex in vivo
models. Compared to 2D models, 3D culturing platforms better emulate the
microenvironment found in vivo while maintaining the high-throughput and cost-effective
nature of the in vitro model.**** Several studies have emphasized the improved clinical
relevance of 3D models and their ability to maintain in vivo-like cellular characteristics
including morphology, proliferation, gene expression, protein synthesis, and drug
response.?> 244 Patient-derived organoids (PDOs) have been crucial for FPM feasibility
studies. PDOs are formed by extracting tumor cells from a patient’s biopsy followed by
enzymatic and mechanical dissociation. Single-cell suspensions are most commonly
seeded in 3D Matrigel; however, they can also be grown in basement membrane extracts,
air-liquid interfaces, and in self-assembling suspensions.*® PDOs have been cultured from
a variety of cancers including those from the most lethal sites (i.e., lung, colorectal,
pancreas, breast, and brain).*** Similar to PDX models, the success rates for different
cancers may vary; however, optimizing media or imposing stricter quality control

guidelines during harvest may improve culture success rates. Some common complications



for creating PDOs include insufficient tumor cell count, bacterial infection of tissue, and

prior treatment with radiotherapy.*’3

The implementation of PDOs for chemotherapy screening is promising. One study
predicted patient response to therapy with 100% sensitivity and 93% specificity in
metastatic gastrointestinal cancers.’® A study conducted on pancreatic cancers also found
that PDOs derived from treatment naive and previously treated tumors predicted the
patients’ response to neoadjuvant therapy with 100% and 71% accuracy, respecitvely.*’ The
predictive power of PDOs is not absolute. A study conducted on metastatic colorectal
cancer had an accuracy of ~80% at predicting monotherapy patient response but was unable
to predict the response of fluorouracil-oxaliplatin combinatory therapy.* Nuances in the
tumor microenvironment between the PDO model and source tumor including the absence
of stroma and an immune system in the PDOs were hypothesized to be potential
explanations for the observed discrepancy.*® It is also important to note that a single assay
output was used to analyze the efficacy of all the treatments; consequently, a single assay
approach may be unable to accurately predict the complex response from combinatory
therapies. Further improvements to the accuracy and sensitivity of the FPM chemotherapy
screen may involve the implementation of multi-metric approaches to comprehensively

assess changes to cell viability.

Although patient-derived tissues are best suited for FPM applications, this study
exclusively generated 3D cultures using cell line tumors and primary neonatal cortical
tissue. The 3D Petri Dish (24-96 small spheroids, Microtissues Inc) culturing platform was
selected due to its ease of use, reproducibility, and scalability. Ultimately, the study findings

can be adapted to a variety of culture methods and tissue types. Overall, 3D in vitro
10



culturing platforms address many limitations associated with the implementation of large-
scale screens while maintaining the clinical relevance necessary to predict patient treatment

outcomes.

1.2.2 Optical Coherence Tomography Viability Imaging

Advancements in 3D in vitro cultures have not been met with improvements in
analytical approaches used to assess cell viability. In addition to the challenges mentioned
in Section 1.1.2: Advancements in Cancer Therapy, conventional cell viability assays are
not optimized for 3D cultures. Assays that rely on the uptake of labeling molecules do not
efficiently resolve core regions of 3D samples. This may be due to a variety of factors
including diffusion-dependent penetration of the molecules, imaging depth of the optical
system, and light scattering properties of the tissue.’'*> Moreover, current HTS viability
assays cannot accomplish region-specific analysis of 3D cultures which underutilizes the
physiologically relevant differences caused by nutrient, pH, and metabolic gradients within
the sample.”>* These metabolic zones are known factors of tumor heterogeneity that
impact the tumor drug response.>>*° Finally, implementing multiple assays in a HTS study
is challenging. To our knowledge, many published studies focused on one analytical output

which diminishes their ability to holistically measure cell viability.*->

This study proposes to overcome these challenges through the development and
optimization of optical coherence tomography (OCT) viability imaging in 3D cultures.
Changes in optical scattering properties between live and dead cells form the foundational

premise behind OCT viability imaging. Organelles and other subcellular components
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contribute to the scattering profile of cells, and changes to their morphology due to
decreased viability could impact the cell’s scattering profile.’’ ' Cells undergoing
apoptotic or necrotic cell death display morphological characteristics that are optically
distinguishable (Fig. 3).6> Apoptotic cell death is induced by cell signaling and is carried
out by caspase pathways that result in cytoplasmic shrinkage, nuclear fragmentation, and
the formation of dense apoptotic bodies;***** meanwhile, necrotic cell death may be induced

by environmental injuries and are associated with increased membrane permeability,

cellular swelling, and the expulsion of organelles (Fig. 3).54%

Another characteristic of viable cells involves the presence of ATP-dependent
motion and trafficking. Dead cells are metabolically inactive and terminate all intracellular
motility. Previous studies have investigated whether OCT metrics are sensitive to

differences in optical scattering and intracellular motility. OCT metrics that measure the

63,66-68 69-73
t,

intensity of backscattered ligh optical scattering attenuation, spheroid

74,75

geometry, and time-dependent changes in signal (i.e., autocorrelation decay or signal

decorrelation)’®®! have all been investigated as promising indicators of viability.

)
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Figure 3. Transmission electron microscopy images of fibrosarcoma cells. (a) A healthy, unstimulated
fibrosarcoma cell maintained its spherical appearance with smooth nuclei and well-preserved organelles. (b)
Fibrosarcoma cell exposed to agonistic anti-Fas for one hour induced apoptotic cell death. Dense apoptotic
bodies formed, and nuclear condensation (white arrowhead) occurred. (c) Fibrosarcoma cell exposed to
human TNF for seven hours induced necrotic cell death. Cellular features were swollen and spread apart due
to significant deterioration of the plasma membrane. A nearby macrophage (asterisk) can be seen at the
bottom of the image. Scale bars: 1 um. Adapted from Krysko D.V., et al., 2008.
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Collectively, these studies highlighted the feasibility of OCT viability imaging; however,
they did not extensively validate how different mechanisms of cell death impacted their
metrics. Many studies conducted their experiments on a limited number of biological
samples and drug treatments. This restricted their scope to a few mechanisms of cell death
which challenges the reproducibility and clinical relevance of their findings. In addition,
despite the 3D capabilities of OCT imaging, many studies did not include region-specific
analysis of their outputs. This undermines the advantage of using a 3D imaging modality
in a 3D culture platform. Finally, none of the previous studies (to our knowledge) applied
OCT viability imaging to a clinically relevant HTS-FPM study. To overcome these
challenges, this study aims to more comprehensively correlate OCT metrics with
commonly used cell viability assays; it also sets forth an analytical framework for the

processing and implementation of OCT-based FPM approaches.

1.3 Specific Aims

Advancements in cancer therapy are constantly pursued to improve patient
outcomes and quality of life. FPM aims to achieve this goal by screening various therapies
in patient-derived samples to predict the patient’s clinical drug response. This approach has
the potential to outperform genetic and molecular screens; however, FPM has not been
clinically implemented due to two major challenges: loss of clinical translatability of in
vitro testing and scarcity of biopsied tissue which restricts the effective screening of
therapies. The first limitation can be addressed using 3D in vitro platforms that reliably
capture in vivo characteristics of tumors. To address the second challenge, this study

investigated the use of OCT viability imaging to overcome the technological limitations
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imposed by current cell viability assays. To achieve this goal, we aimed to develop and
validate OCT-based viability imaging metrics that are sensitive and specific to multiple

cellular perturbations and applicable to multiple tissue types.

Aim 1: Optimizing Microtissue Dose-Response Curves

The objective of the first aim involved optimizing the dose ranges of all treatments
for the three types of microtissues used in the study. The mechanism of action for each
treatment was matched with an assay that best captured its specified injury (i.e., treatments
that target metabolism were optimized using an ATP assay). The concentrations of
treatments that elicited 25, 50, and 75 percent cell death after 24 hours of exposure were
derived using the dose-response curves from the matched assays. These concentrations

were referred to as lethal concentrations (LCs) and used for later aims of the study.

Aim 2: Implementing Multivariate Analysis of Cell Viability Data

The objective of the second aim was to develop a multivariate approach to analyze
multi-metric data. Cell viability data from all treatment conditions was collected using the
previously determined LC values to generate the multi-metric data. This resulted in data
collection from three microtissue types, seven treatments, and four assays. The multivariate
approaches involved Linear Mixed Effects (LME) models and Principal Component
Analysis (PCA). The second aim had a dual impact. First, it served as a standalone
approach to analyzing multi-assay data in a comprehensive and holistic manner through
LME regression slopes, PCA loadings, and a new lethal concentration metric termed multi-

mechanisms LCso (MMLCso). Second, this aim sought to investigate analytical methods
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that can be applied to multi-metric OCT outputs. The multi-assay data collected from this

aim was also used to develop a prediction model of cell viability in the third aim.

Aim 3: Characterizing OCT Viability Metrics

The goal of the third aim was to characterize the OCT viability metrics.
Microtissues were treated using the predetermined LC values from the first aim and imaged
using OCT after 24 hours. OCT metrics were then extracted and correlated with the assay
data collected from the second aim. Multivariate approaches were used to develop a
prediction model that relates OCT metrics with the selected assays’ responses. Ultimately

a framework was proposed for the prediction of cell viability using OCT metrics.
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CHAPTER 2: OPTIMIZING MICROTISSUE

DOSE-RESPONSE CURVES

Zein-Sabatto, A., St. Angelo, K., Madnick S.J., Hoffman-Kim, D., Morgan J.R., & Lee, J.
Multi-assay assessment of cytotoxicity reveals multiple mechanisms of action in 3D
microtissues. Sci. Rep. 15, 3090 (2025).

2.1 Introduction

Cell viability assays are an integral component of the in vitro testing landscape.
Viability data has become ubiquitous in research, especially in studies that evaluate the
effects of different perturbations, treatments, and diseases on cell health. Many assays exist
that cover a wide range of biological processes involved in viability. In general, assays
measure changes to specific biomarkers that are correlated with viability. Assays may
utilize the fluorescent tagging of cellular components or rely on enzyme-substrate
interactions to indicate the presence or lack of viable cells.! The data from assays is often
collected using microscopy or plate readers to measure colorimetric changes, fluorescence,
luminescence, or changes in cellular morphology.'! Traditionally, these assays were
developed for 2D cultures grown in well plates; however, many manufacturers include
protocols for 3D platforms or provide 3D-compatible versions for many products. It is
essential that assays are optimized for each in vitro platform since cell density and tissue
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dimensions are important factors that influence assay readouts. Cells grown on 2D surfaces
produce consistent and reproducible cell counts across passages; however, 3D cultures
incorporate more batch heterogeneity. Inadequately optimized 3D cultures may not reach
the minimum detection limit or saturate the assay output depending on cell count.
Furthermore, cells are homogenously exposed to assay reagents when grown in 2D
monolayers; however, 3D cell cultures inherently produce diffusion gradients across their
depth. This necessitates the optimization of incubation times and wash cycles to ensure
consistent exposure/removal of reagents throughout the culture’s depth. Finally, some 3D
platforms are embedded in or grown on hydrogels which can dilute, retain, or block
reagents thereby impacting assay outputs. These challenges, coupled with a lack of
standardized protocols, highlight the need for careful experimental planning and

optimization prior to data collection.

One approach to analyzing cell viability data involves plotting dose-response
curves. This analysis determines the relationship between treatment dose and biological
impact.? In addition to treatment concentration, the dose is dependent on exposure time,
delivery, frequency, and other properties like cell permeability of the compound.> Most
biological dose-responses can be modeled using sigmoidal curves. Low doses have a
negligible effect on response output until a certain threshold is reached.? Once the threshold
dose is surpassed, the response effect begins to increase then plateaus at higher doses.
Increasing the dose beyond the asymptotic concentration yields little change in response
output which is characteristic of the ceiling effect.’ For the purposes of this study, the
response variable was measured as a change in viability and therefore reported as a lethal

concentration. This approach allows for the comparison of toxicities across compounds,
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particularly by comparing the LCso. Compounds with smaller LCso are considered more
potent since they are able to induce 50% cell death at a lower dose.> We were particularly
interested in measuring lethal concentrations that elicited 25, 50, and 75 percent cell death
which were extrapolated from the sigmoidal curves using Nonlinear Mixed Effects
(NLME) models. Developing the dose-response curves served as the first step in the study
to elicit cytotoxicity in a reproducible manner while simultaneously determining the
sensitivity range of the assays. In order to capture a broad range of cellular responses, we
created 3D microtissues from multiple tissue types including hepatocellular carcinoma
(HepG2), breast adenocarcinoma (MCF7), and primary neonatal cortical rat tissue which
were also referred to as neurospheroids. We then utilized seven compounds to elicit cell
death: 2-Deoxy-D-glucose (2DG), oligomycin A, Triton X-100, melittin, cisplatin,
melphalan, and paclitaxel. The mechanism of action of these drugs includes metabolic
inhibition, membrane poration, DNA damage, and cytoskeletal disruption. Multi-fold serial
dilutions for all treatments ensured that the linear range of the dose-response curves were

captured.

2.2 Methods

2.2.1 Cell Culture

Human Hepatocellular Carcinoma Culture

Human hepatocellular carcinoma cells (HB-8065, HepG2) were obtained from the
American Type Culture Collection (ATCC). Cells were expanded in T-75 flasks containing
Eagle’s Minimum Essential Media (EMEM, 50-238-2632, ATCC) supplemented with 10%
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fetal bovine serum (FBS, 50-753-2981, GeminiBio) and 1% penicillin-streptomycin
(15140122, Gibco). Cells were fed every other day and passaged weekly after reaching
~75-80% confluency. Passage counts were kept under 10 to prevent culture drift. Once
ready for passage, the cell monolayer was washed twice with 2 mL of 0.25% trypsin-EDTA
(25-200-056, Gibco). After the second wash, 3 mL of trypsin was added and allowed to
incubate with the cells at 37°C and 5% CO: for seven minutes. Cellular detachment was
confirmed visually, and 12 mL of warmed media was added to neutralize the trypsin and
suspend the cells. The bottom of the flask was rinsed twice to maximize the retrieval of
cells. The 15 mL cell suspension was transferred to a 50 mL conical tube and centrifuged
at 125 G for six minutes. This process effectively aggregated the cells into a pellet and
allowed for the removal of the supernatant. The pellet was then vigorously disaggregated
by firmly grasping one end of the tube with one hand and striking the other end with the
other hand. After visually confirming the disassociation of the pellet, a 5 mL serological
pipette was used to add 4 mL of warmed media along the edges of the tube. The cell
suspension was further mixed by repetitively pipetting six times with the tip firmly pressed
against the bottom of the tube and six times with the tip against the tube wall. Cells were
counted using a hemacytometer using a 1:10 solution of Trypan Blue (15-250-061, Gibco)
to cell suspension. The appropriate volume of cell suspension that contained 1.25 million
cells was added to a T-75 flask containing 15 mL of warmed media using a 1 mL stripette.
The flask was then gently rocked 20 times in the upright position and then placed flat and
swirled four times using a “figure eight” pattern to ensure an even distribution of cells

within the flask. The flask was then placed in the incubator set to 37°C and 5% CO..
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Human Mammary Gland Adenocarcinoma Culture

Human mammary gland adenocarcinoma cells (HTB-22, MCF7) were also
obtained from the ATCC. Cells were cultured in T-75 flasks using EMEM supplemented
with 10% FBS, 1% penicillin-streptomycin, and 0.01 mg/mL human recombinant insulin
(19278, Sigma-Aldrich). Passage and culture protocols were similar to those followed for
HepG2 culture with a few exceptions. Once ready for passage, the MCF7 monolayer was
washed twice with 2 mL of 0.25% trypsin and incubated with 2 mL of trypsin for seven
minutes in the incubator at 37°C and 5% COaz. Following the detachment of the cell layer,
13 mL of complete media was added to the flask and the bottom of the flask was rinsed
twice. The cell suspension was transferred to a 50 mL conical tube and centrifuged at 125
G for 6 minutes. The supernatant was removed, and the pellet was disaggregated by firmly
striking the tube as previously mentioned. Once the pellet was disaggregated, 4 mL of
complete media was added, and the cell suspension was mixed six times with the pipette
firmly pressed against the bottom of the tube and six times with the pipette tip against the
tube wall. Cell counts were calculated using a hemacytometer using a 1:10 dilution of
Trypan Blue to cell suspension. Flasks were seeded at 6 million cells in 15 mL of warmed
media. To ensure uniform seeding, the flask was gently rocked upright for 20 cycles and
then placed flat and gently swirled in a “figure eight” pattern for four cycles. Once

complete, the flask was placed in the incubator set to 37°C and 5% CO:a.

Primary Neonatal Rat Cortical Cell Isolation

Untimed pregnant CD rats (embryonic day 15-17) were purchased from Charles

River. Rat pups were collected between days 0-2 for cortical dissection. All animal
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procedures were performed using protocols approved by the Institutional Animal Care and
Use Committee (IACUC) at Brown University. Neonatal rats were euthanized following
the American Veterinary Medical Association (AVMA) Guidelines for the Euthanasia of
Animals (2020). All methods were reported in compliance with the ARRIVE guidelines.
Neonatal pups were anesthetized using hypothermia. Pups were first wrapped in gauze and
then plastic wrap to protect them from getting wet. The wrapped pups were placed in an
ice bucket and completely covered with ice for 45 minutes. The effect of anesthesia was
confirmed via a paw pinch, and the pups were euthanized via decapitation using a pair of
sharp scissors. The skin was cut along the midline starting with a proximal incision starting
from the neck and distally cutting toward the snout using a pair of fine point dissection
scissors. The loosened skin was peeled back to expose the cranium which was cut in a
similar fashion starting with a proximal incision and carefully proceeding distally without
puncturing the brain. A spatula was then used to dislodge the brain and place it inside a 35
mm dish containing 4 mL of chilled buffer solution which consisted of Hibernate A (HA,
TransnetYX), 1X B-27 Plus Supplement (A3582801, Gibco), and 0.5 mM GlutaMax
(35050061, Gibco). A pair of bent forceps was used to stabilize the brain by holding the
cerebellum in place while another pair of bent forceps was used to cut around the perimeter
of the cortex. The cortex was then peeled laterally, excised, and placed into another 35 mm
petri dish with 3 mL of chilled Hibernate A buffer solution. All cortices were removed in
this manner. Next, bent forceps were used to remove the meninges from the surface of the
cortices. Exposed cortices were manually cut into smaller pieces using the forceps and
placed into a 15 mL conical tube containing 3 mL of digestion enzyme solution which

consisted of 6 mg Papain (PAP, TransnetYX) dissolved in 3 mL of Hibernate A without
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calcium chloride (HACA, TransnetYX). A total of four cortical hemispheres were placed
in each vial which were digested for 30 minutes at 30°C while gently agitating the solution
every 5 minutes. After digestion, the papain solution was removed without disrupting the
cortical tissue, and a total of 2 mL of chilled Hibernate A buffer solution (with calcium
chloride, B-27 Plus Supplement, and GlutaMax) was added to the tube. The cortical tissue
was triturated with a fire-polished glass pipette until a homogenous cell suspension was
made. The cell suspension was strained using a sterile 40 pm nylon strainer followed by a
2 mL rinse using chilled Hibernate A buffer solution. The collected suspension was
centrifuged at 150 G for 5-7 minutes, and the supernatant was removed. The cell pellet was
resuspended in 5 mL of warmed media which consisted of Neurobasal Plus medium
(A3582901, Gibco), 1X B-27 Plus Supplement, 0.5 mM GlutaMax, and 1% penicillin-
streptomycin. The cell suspension was filtered for a second time and rinsed with 2 mL of
warmed media. This suspension was centrifuged at 150 G for 5-7 minutes and the
supernatant removed. Another 5 mL of warmed media was used to resuspend the pellet,
and the straining process was repeated for a third time. After the third centrifugation, the
pellet was resuspended using 10 mL of warmed media. The final cell count was conducted
using a hemacytometer with a 1:1 Trypan Blue to cell suspension solution. The appropriate
number of cells needed to achieve the target seeding density was determined, and the
volume of cell suspension needed to achieve this density was removed, centrifuged, and

resuspended accordingly.

28



2.2.2 Three-Dimensional Microtissue Culture

Three-Dimensional spheroids were formed using the 24-96 small spheroid 3D Petri
Dish from MicroTissues Inc. Agarose gels were made by dissolving 2 g of autoclave-
sterilized UltraPure Agarose (16500500, Invitrogen) in 100 mL of phosphate buffered
saline (PBS, 20012027, Gibco). The agarose-PBS solution was heated using a conventional
microwave for 2 minutes while shaking the solution every 30 seconds until a homogenous
liquid formed. Once molten, the liquid agarose was pipetted into the autoclave-sterilized
MicroTissues micro-mold and allowed to cool into a gel. These gels contained 96
microwells with a diameter of 400 pm and depth of 800 um. Gels were removed from the
mold, inspected for defects, then placed in a 24-well plate. Depending on the tissue culture
type, 1 mL of base media (i.e., EMEM or Neurobasal Plus medium with 1% penicillin-
streptomycin alone) was added to each well. Gels were allowed to equilibrate with base

media for a minimum of three days with media changes every 24 hours.

The base media was exchanged with fully supplemented media 2-3 hours prior to
seeding. HepG2, MCF7, and cortical microtissues were seeded at 144,000, 24,000, and
384,000 cells per gel, respectively. Gels were seeded by aspirating all media within the
well and reservoir directly above the microwells. Next, 70 pL of the recalculated cell
suspension was added to each gel in a drop-wise fashion. Cells were allowed to settle into
the microwells for at least 30 minutes in the incubator prior to the addition of 1 mL of the
appropriate media to each well. The well plate was then placed back into the incubator set

to 37°C and 5% CO:z. Media was replaced every 2-3 days.
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2.2.3 Compound Treatment

A total of seven compounds with relatively well-known mechanisms of action were
selected to induce cell death. 2DG (D8375, Sigma Aldrich) and oligomycin A (75351,
Sigma Aldrich) were selected to metabolically challenge microtissues. Triton X-100
(X100, Sigma Aldrich) and melittin (M2272, Sigma Aldrich) were selected to perforate the
cellular membrane. Cisplatin (P4394, Sigma Aldrich) and melphalan (M2011, Sigma
Aldrich) were selected to crosslink and damage DNA. Finally, paclitaxel (T7191, Cell
Signaling Technologies) was selected to over-stabilize the microtubules within the
microtissues. Stock solutions for each compound were made using the following dilutions:
100 mg 2DG per 1 mL of media, 5 mg oligomycin A in 93.28 uL dimethyl sulfoxide
(DMSO, D2650, Sigma Aldrich), 10 pL Triton X-100 into 990 puL media, 5 mg melittin in
1.743 mL of ultrapure water, 25 mg cisplatin in 13.887 mL of 0.9% saline in ultrapure
water, 100 mg melphalan in 16.717 mL of 200 proof ethanol with 300 pL of HCI, and 1 mg
paclitaxel in 41.82 uL DMSO. Table 1 summarizes how the stock solutions were made and
their final concentrations. All compounds were purchased as lyophilized powders except
Triton X-100 which came as a viscous liquid. Both Triton X-100 and 2DG were readily
soluble in cell media and did not require the use of alternative vehicles. Stock solutions for
both 2DG and Triton X-100 were made fresh while the remainder of the stock solutions
were aliquoted and stored in appropriate conditions. All reconstituted compounds were
made following solubility guidelines and used within two months of their creation. If a
target concentration was not obtainable using the recommended solubility guidelines, the

treatment was considered beyond the practical limit and excluded from the study.
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Table 1. The amount of solute and solvent used to make the final stock solutions for each compound was
reported. All compounds were reconstituted from a lyophilized powder except Triton X-100 which originated
as a viscous liquid. Only the stock concentration of Triton X-100 was reported as a percentage. Both Triton
and 2DG were readily soluble in media and did not require the use of alternative vehicles. DMSO: dimethyl
sulfoxide, conc: concentration.

Solute Solute Quantity Solvent Solvent Volume | Stock [conc.]
2DG 300 mg Media 3000 uL 609.2 mM
Oligomycin A 5 mg DMSO 93 uL 67.8 mM
Triton X-100 10 uL Media 990 uL 1.0 %
Melittin 5 mg Water 1743 pL 1.0 mM
Cisplatin 25 mg 0.9% Saline 13,887 uL 6.0 mM
Melphalan 100 mg Ethanol 17,017 uL 19.6 mM
Paclitaxel 1 mg DMSO 42 uL 28.0 mM

Working solutions were made by serial dilutions using the appropriate vehicles, then equal
volumes of each working solution were added to warmed media to achieve the desired
treatment concentration. Microtissues were treated by aspirating the 1 mL of media present
within the well surrounding the gel followed by the addition of 1 mL of treated media.
Final drug concentrations were increased by a factor of 1.4 to compensate for the
displacement caused by the agarose gel. All microtissues were exposed to treatment for 24

hours.

2.2.4 CellTiter-Glo 3D Assay Protocol

The CellTiter-Glo 3D assay (G9683, Promega) was used to measure ATP content
within the microtissues. This was chosen as the “best-fit” assay for microtissues treated
with a glycolytic inhibitor, 2DG, and ATP synthase inhibitor, oligomycin A. Assay reagent
was aliquoted in 15 mL conical tubes then stored at -20°C to limit the number of freeze-
thaw cycles. Prior to the start of the assay, the reagent was removed from the freezer and

allowed to steadily reach room temperature. Treated gels containing HepG2 or cortical
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microtissues were transferred to 35 mm petri dishes containing 3 mL of warmed media. A
P1000 pipette was used to gently flush individual microtissues from their microwells. A
P200 pipette, with ~ 2 cm trimmed from the tip, was used to pick up individual microtissues
along with 90 pL of media. The contents of the pipette were placed into a single well of a
white-walled, clear bottom 96-well plate. Unlike HepG2 and cortical microtissues, MCF7
microtissues were not flushed from their microwells since they formed loosely aggregating
spheroids that could not be individually placed into a 96-well plate. Instead, the entire gel

was transferred to a well in a white-walled, opaque 24-well plate with 500 pL of media.

After plating the HepG2 and cortical microtissues into the 96-well plate, each
spheroid was imaged for its cross-sectional area using a phase-contrast microscope (TC100
Eclipse, Nikon) using a 10X objective. MCF7 microtissues were not imaged for their cross-
sectional area. The assay was conducted by adding an equal volume of reagent to media
present per well (i.e., 90 pL of reagent for HepG2 and cortical microtissues and 500 pL for
MCF7). All plates were mixed for 5 minutes using an orbital shaker at 125 rpm and
incubated for an additional 25 minutes at room temperature. The luminescent output from
each well was measured using a multimode plate reader (Cytation3, BioTek) using the
default gain of 125 and 1 second integration time. Read height was adjusted to a vehicle-

treated microtissue for each plate run.

2.2.5 Live/Dead Viability/Cytotoxicity Assay Protocol

The Live/Dead Viability/Cytotoxicity assay for mammalian cells (L3224,
Invitrogen) was used to measure cytotoxicity induced by membrane poration. It was chosen

for microtissues treated with a detergent, Triton X-100, and pore-forming toxin, melittin.
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The Live/Dead assay consisted of adding 0.5 pL of calcein AM and 2 pL of ethidium
homodimer per 1 mL of media. Live/Dead was conducted on whole gels by removing the
treatment media from every well and replacing it with 1 mL of warmed media containing
the Live/Dead reagents. The plate was protected from light and incubated at 37°C and 5%
CO2 for 30 minutes. Gels were imaged using a Zeiss Axiovert 100 inverted fluorescence
microscope using a 10X objective. A total of 12 (4x3) tiles were acquired and stitched
together using Zeiss’s built-in software. Images were taken using brightfield, EGFP, and
Alexa Fluor 568 channel presets. All images belonging to the same replicate and tissue
culture type were acquired using identical exposure times and excitation intensity. Minor
adjustments were allowed for exposure times between experiments to ensure optimal image
signal brightness. The effects of these adjustments were addressed by data normalization

and model fitting which effectively handle random effects within the dataset.

2.2.6 Caspase-Glo 3/7 3D Assay Protocol

The Caspase-Glo 3/7 3D assay (G8982, Promega) was used to measure apoptotic
cell death through the presence of capsase-3 and caspase-7 within the microtissues. This
assay was chosen to quantify cell death in microtissues treated with the alkylating agents,
cisplatin and melphalan. The reconstituted assay reagents were also aliquoted into 15 mL
conical tubes, and they were stored at 4°C. The assay reagent was allowed to reach room
temperature prior to its addition to the samples. The protocol used for the caspase assay
was very similar to the CellTiter-Glo 3D ATP assay. Treated gels containing HepG2 and
cortical microtissues were transferred to a 35 mm petri dish containing 3 mL of warm

media. Individual microtissues were flushed out of their microwells using a P1000 pipette.
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Using a trimmed P200 pipette, 90 uL of media and a single microtissue were placed into a
well in a white-walled, clear bottom 96-well plate. MCF7 microtissues were not removed
from their microwells; instead, the entire gel was transferred to a white-walled, opaque 24-
well plate alongside 500 pL of media. An equal volume of Caspase-Glo 3/7 3D reagent
was added to each well relative to the media already present. Plates were mixed using an
orbital shaker set to 125 rpm for 30 seconds at room temperature. Plates were left at room
temperature for an additional 30 minutes prior to analysis. Luminescent output was
measured with the Cytation3 plate reader using the same acquisition parameters of 125
gain and 1 second integration time. Read height was auto adjusted to a well containing a
microtissue from the largest treatment group (i.e., the well with the highest potential for

luminescent output).

2.2.7 Click-iT EdU Proliferation Assay Protocol

The Click-iT EdU Alexa Fluor 647 HCS assay (C10357, Invitrogen) was used to
quantify the amount of proliferation occurring within the microtissues. This assay was
chosen to analyze microtissues treated with the taxane, paclitaxel. After 24 hours of
treatment, the media surrounding the gels was removed and replaced with warm media
containing 5 uM of the 5-ethynyl-2’-deoxyuridine (EdU) component. The HepG2 and
MCF7 cultures were incubated at 37°C and 5% COz for six hours while cortical cultures
were incubated for 24 hours. This allowed the EAU molecules sufficient time to incorporate
into the newly synthesized DNA. One gel per experimental set was not treated with EdU
and served as the “no primary” control. After the incubation period, the media surrounding

the gels was replaced with 1 mL of a fixative solution containing 4% paraformaldehyde
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and 8% sucrose in PBS. The plates were protected from light and fixed overnight at room
temperature. Fixed gels were rinsed thrice with PBS for 30 minutes each and later stored
at 4°C until they were stained. Prior to staining, the microtissues inside the gels were
permeabilized twice with a 0.2% Triton X-100 solution in PBS for two hours each. The
gels were then washed twice with PBS for 15 minutes each to remove the permeabilizing
solution. Following the manufacturer's protocols, the Click-iT reagent cocktail was freshly
prepared for each experiment and protected from light. Staining was accomplished by
replacing the PBS in each well with 1 mL of Click-iT reagent cocktail for one hour. Next,
the gels were rinsed with rinse buffer for 15 minutes. In order to visualize all nuclei, the
rinse buffer was replaced with a 1X solution of Hoechst in PBS for one hour. Wells were
then washed twice with PBS for 15 minutes each to remove the Hoechst solution. Finally,
I mL of PBS was added to each well and the plate was wrapped in parafilm, protected from

light, and stored at 4°C until it was imaged.

Prior to imaging, individual gels were cut using a size 10 scalpel blade to remove
the four agarose walls surrounding the microwells. In a 24-well plate, a drop of PBS was
added to the center of each well, and a cut gel was inverted over the PBS drop. This process
ensured that no air bubbles formed when the gel was inverted to allow for better imaging
of the microtissues. The PBS drop should not be large enough to cause the gel to float
which would result in poor imaging outcomes. After all gels were inverted, pre-warmed
2% agarose was carefully added over the gels to secure them in place. The agarose was
allowed to solidify, then 1 mL of PBS was added to each well to keep the gels hydrated.
This entire process was conducted in a dimly lit room to prevent photobleaching of the

fluorophore.
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The microtissues were imaged using a Zeiss Axiovert 100 inverted fluorescence
microscope using a 10X objective. A total of 12 tiles (4x3) were taken and stitched together
using Zeiss’s ZenPro software. Images were acquired using the brightfield, DAPI, and Cy5
channel presets. Exposure time and excitation intensity were kept consistent across all
samples from within the same experiment. Minor adjustments to exposure time were made
to ensure optimal image brightness between experiments. The effect of these adjustments

was controlled through data normalization as well as random effects modeling.

2.2.8 Image Processing

Cross-Sectional Pixel Area Extraction

MATLAB code was developed to extract the cross-sectional pixel area from HepG2
and cortical microtissues. The phase-contrast images from HepG2 and cortical microtissues
were saved in the jpeg format. Individual images were loaded into the code, and a modified
built-in function, called lazysnapping, was used to extract foreground pixels from the
image background. The performance of the extraction was assessed visually and repeated
if necessary. Cross-sectional areas from the code were reported as pixel counts.
Luminescent output from the ATP and caspase assays were divided by the cross-sectional
pixel area to normalize them by spheroid size. This size normalization was not conducted

for MCF7 outputs.

Live/Dead Fluorescence Image Processing

MATLAB code was developed to process and extract intensity values from the

Live/Dead images. The Zeiss ZenPro software was able to export the multi-tiled, multi-
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channel images into a single stitched tiff file. ImagelJ software (Fiji) was used to split the
brightfield, EGFP (for calcein AM), and Alexa Fluor 568 (for ethidium homodimer)
channels into separate tiff files. These tiff files were loaded into a custom-made MATLAB
code. Image processing included background noise correction followed by automated
segmentation which included circle detection, adaptive thresholding-based binarization,
and morphological opening/closing. Approximately 30-40 microtissues could be visualized
in the field of view; however, the code segmented 20 microtissues with cross-sectional

areas closest to the median for further analysis.

EdU Fluorescence Image Processing

EdU fluorescence images were processed in the same manner as the Live/Dead
images. In brief, multi-channel images from the Zeiss microscope were split into single
channels including brightfield, DAPI (for Hoechst), and Cy5 (for EdU) using Image].
Individual tiff images were loaded into the MATLAB code for image segmentation. Image
pre-processing included background noise correction, and the segmentation pipeline
involved circle detection, adaptive thresholding, and morphological opening/closing.
Approximately 30-40 microtissues were captured per field of view. Only 20 microtissues

with cross-sectional areas closest to the median were selected for further analysis.

2.2.9 Statistical Analysis

Dose-response curves from the CellTiter-Glo 3D and Caspase-Glo 3/7 3D assays
were generated from eight HepG2 microtissues, eight cortical microtissues, and three intact
MCEF7 gels for each treatment condition. Live/Dead and EdU assay dose-response curves

were generated from 20 microtissue per treatment condition. A total of 3-4 passage
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replicates were obtained for all treatment conditions. All assay outputs, except for the
caspase assay, were normalized by the average output from the vehicle control group. All
assay outputs were plotted against the log-transformed treatment concentration. Nonlinear
mixed effects (NLME) models were used to fit the dose-response curves in MATLAB. The
equations used to fit the models were reported in section 2.3. The 95% confidence intervals
were reported for each model fit, and the LCzs, LCso, and LC7s were extrapolated from the

NLME line fits. All figures and data analysis were generated in MATLAB.

2.3 Results

2.3.1 CellTiter-Glo 3D Assay

The CellTiter-Glo 3D assay was used to measure metabolic disruption in 2DG and
oligomycin A treated microtissues. The change in normalized luminescence output was
plotted against increasing treatment concentrations for HepG2, MCF7, and cortical
microtissues (black lines, Fig. 4a, ¢). The highest tested doses for 2DG and oligomycin A
were 218 mM and 90.3 uM, respectively. Initial testing started with 10-fold dilutions and
later adjusted to 4-fold and 3-fold, respectively, for a total of nine conditions including
controls. The total percentage of DMSO added to the media for oligomycin A treatment
did not exceed 0.5% for HepG2 and MCF7 cultures and 0.1% for cortical cultures (also
referred to as neurospheroids). As previously mentioned, 2DG was directly dissolved in

media and did not require a vehicle.

The data was fitted to the logistic function from Equation 1 using a NLME model
(black lines, Fig. 4)
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Equation 1 f(x) = fp + —2

1+ek(x=%0)

where f is the fractional output, x is the drug concentration in the log scale, fo represents
the mean output of the blank sample, k represents the steepness of the line, and xo is the
midpoint concentration of the logistic function in the log scale. Passage-specific random
effects were incorporated into the model. The logistic functions were then used to
extrapolate the concentrations that elicited 25, 50, and 75 percent cell death (Fig. 4b, d).
Both 2DG and oligomycin A treatment could produce the full range of LC values in the

microtissues except for oligomycin A in HepG2 cultures which could only induce a LCbs.
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Figure 4. Dose-response curves for 2DG and oligomycin A treated microtissues. (a) Logistic-fitted, dose-
response curves (black lines) for 2DG treated microtissues were made using a nonlinear mixed effects model
(NLME). Each error bar represents the 95% confidence interval from eight individual microtissues for
HepG2 and neurospheroids (n=8 microtissues per condition; three independent experiments in different
colors; HepG2 N =248; neurospheroid N = 240) and three intact gels for MCF7 microtissues (n= 3 gels per
condition; three independent experiments in different colors; N =87). HepG2 and neurospheroid data were
normalized by the cross-sectional area of the microtissues, then all data was normalized to its control group.
The black lines and shaded gray regions surrounding them represent the NLME fit and its 95% confidence
interval. (b) Lethal concentrations (LC) of 2DG were estimated from the NLME line fit. Line traces delineate
LCys (blue), LCs (red), and LCys (yellow) concentrations. (¢) Dose-response curves for oligomycin A treated
microtissues (HepG2 n=8, N=224; MCF7 n=3, N = 90; neurospheroid n= 8, N =224, three independent
experiments) were generated in the same manner as shown in (a). (d) LCs of oligomycin A were derived in
the same manner as shown in (b). Published in Zein-Sabatto A., et al., 2025.
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2.3.2 Live/Dead Cytotoxicity Assay

The Live/Dead assay was used to quantify membrane damage in Triton X-100 and
melittin treated microtissues (Fig. 5). Viability was measured through the live intensity

fraction using Equation 2

Iive

Equation2  Live Intensity Fraction = ———
Iiivetldead

where Live is the mean pixel intensity of the calcein AM signal in the EGFR channel and
ldead 1s the mean pixel intensity of the ethidium homodimer signal in the Alexa Fluor 568
channel. In an example dataset, HepG2 microtissues treated with melittin displayed a
transition from healthy cells labeled with calcein AM to dead cells labeled with ethidium
homodimer as the concentration increased (Fig. 5a). The gradual loss of viability was also
captured by the live intensity fraction to produce the dose-response curves for Triton X-
100 and melittin (Fig. 5b,d). The highest concentration tested for Triton X-100 and melittin
were 0.018% and 25 uM, respectively. Initial testing started with 2-fold dilutions for Triton
X-100 and 4-fold dilutions for melittin for a total of nine conditions including controls. The
dilutions were later adjusted to 1.7-fold and 2-fold, respectively. The total percentage of
water vehicle added to the media for the melittin treatment did not exceed 2%. Triton X-

100 was directly dissolved in media and did not require a vehicle.

The data was fitted to Equation 3 using a NLME model (black lines, Fig. 5)
. 1
Equation 3 flx) = Troki—xo)

where f is the fractional output of the assay, x is the concentration in log scale, k is the

steepness of the slope, and xo is the midpoint concentration of the logistic function in the
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Figure 5. Dose-response curves for Triton X-100 and melittin treated microtissues. (a) Live/Dead images
were captured for HepG2 microtissues treated with melittin at increasing concentrations. Multiple
microtissues were imaged for every gel. Green: calcein AM (live), red: ethidium homodimer (dead). Scale
bar 1 mm. (b) A logistic-fitted, dose-response curve (back lines) for Triton X-100 treated microtissues were
made using a nonlinear mixed effects model (NLME). Each error bar represents the 95% confidence interval
from 20 individual spheroids for HepG2, MCF7, and cortical microtissues (n =20 microtissues per condition;
3—4 independent experiments in different colors; HepG2 N = 620; MCF7 N = 800; neurospheroid N = 600).
All data was normalized by the control group. The black lines and shaded gray regions surrounding them
represent the NLME fit and its 95% confidence interval. (c) Lethal concentrations (LC) of Triton X-100 were
estimated from the NLME line fit. Line traces delineate LC,s (blue), LCso (red), and LCys (yellow)
concentrations. (d) Dose-response curves and NLME fitting for melittin treated microtissues (n=20
microtissues per condition; 3—4 independent experiments; HepG2 N = 600; MCF7 N = 800; neurospheroid

=600) were generated in the same manner as shown in (b). (¢) LCs for melittin were generated in the same
manner as shown in (c). Published in Zein-Sabatto A., et al., 2025.

log scale. Passage-specific random effects were allowed for the midpoint concentration.
The logistic functions were then used to extrapolate the concentrations that elicited 25, 50,
and 75 percent cell death (Fig. 5c, e). Both Triton X-100 and melittin treatment could

produce the full range of LC values in all the microtissues.
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2.3.3 Caspase-Glo 3/7 3D Assay

The Caspase-Glo 3/7 3D assay was used to measure apoptotic cell death in
microtissues treated with cisplatin and melphalan (Fig. 6). Output luminescence for HepG2
and cortical microtissues were normalized by the cross-sectional pixel area; meanwhile,
MCF7 assay outputs were reported as raw values. Unlike the other assays, higher
luminescence output from the caspase assay was attributed to lower viability. The highest
concentration tested for cisplatin and melphalan were 286 uM and 190 uM, respectively.
Initial testing started with 2-fold dilutions for cisplatin and melphalan for a total of 9-10

conditions including controls. The dilution factor was reduced to 1.5-fold for both MCF7
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Figure 6. Dose-response curve of cisplatin and melphalan treated microtissues. (a) Logistic-fitted, dose-
response curves (black lines) for cisplatin treated microtissues were made using a nonlinear mixed effects
model (NLME). Each error bar represents the 95% confidence interval from eight individual microtissues for
HepG2 and neurospheroids (n=8 per condition; 3—4 independent experiments in different colors; HepG2
N =320; neurospheroid N =240) and three intact gels for MCF7 microtissues (n =3 gels per condition; four
independent experiments in different colors; N=90). Only the HepG2 and neurospheroid data were
normalized by cross-sectional area of the microtissues. The black lines and shaded gray regions surrounding
them represent the NLME fit and its 95% confidence interval. (b) Lethal concentrations (LC) of cisplatin
were estimated from the NLME line fit. Line traces delineate LCys (blue), LCs (red), and LCys (yellow)
concentrations. (c) Dose-response curves for melphalan treated microtissues (HepG2 n=8, N =240; MCF7
n=3, N=90; neurospheroid n=8, N=240; 3-4 independent experiments) were generated in the same
manner as shown in (a). (d) LCs of melphalan were derived in the same manner as shown in (b). Published
in Zein-Sabatto A., et al., 2025.
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cultures treated with cisplatin and HepG2 cultures treated with melphalan. The remainder
of serial dilutions were carried out in 2-fold reductions. The total percentage of saline
vehicle added to media for cisplatin treatment did not exceed 5% for MCF7 and 2% for
HepG2 and cortical cultures. The percentage of ethanol vehicle added to media for
melphalan treatment did not exceed 0.5%. The dose-response curves were fitted to the
logistic function in Equation 1 using a NLME model (black lines, Fig. 6). The logistic
functions were then used to extrapolate the concentrations that elicited 25, 50, and 75
percent cell death (Fig. 6b, d). Both cisplatin and melphalan treatment could produce the

full range of LC values in all the microtissues.

2.3.4 EdU Proliferation Assay

The EdU assay was used to measure proliferation in microtissues treated with
paclitaxel (Fig. 7). The synthesis of new DNA, a requirement of proliferating cells, was
measured using the intensity of the EdU signal normalized by the intensity of the Hoechst

signal. This metric was termed proliferative capacity and calculated using Equation 4

Equation4  Proliferative Capacity = _fEay

IHoechst

where Iedu is the mean pixel intensity of the EAU signal in the Cy5 channel and THoechst is
the mean pixel intensity of the Hoechst signal in the DAPI channel. The effects of paclitaxel
treatment on proliferation could be visualized in HepG2 microtissues which displayed a
decrease in the number and intensity of EAU positive pixels at the highest concentration
(Fig. 7a). The highest concentration tested for paclitaxel was 63 uM with an initial 3-fold

dilution across a total of 10 conditions including controls. The dilution factor was later
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changed to 2, 5, and 4-fold for HepG2, MCF7, and cortical cultures, respectively. The dose-
response data was fitted to Equation 3 using a NLME model (black lines, Fig. 7b, c). The

logistic functions were used to extrapolate the concentrations that elicited 25, 50, and 75
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Figure 7. Dose-response curves for paclitaxel treated microtissues. (a) HepG2 microtissues were treated with
increasing concentrations of paclitaxel. The mean fluorescent intensity of tagged EAU with Cy5 (yellow) and
nuclei with Hoechst (blue) were quantified. Scale bar 1 mm. (b) Dose-response curves were generated by
quantifying the change in EdU expression with respect to Hoechst. The curves were fit using a nonlinear
mixed effects (NLME) model using a logistic function (black lines). Each error bar represents the 95%
confidence interval from 17-20 individual microtissues (n=17-20 microtissues per condition; 3—4
independent experiments in different colors; HepG2 n=19-20, N=794; MCF7 n=17-20, N=796;
neurospheroid n =20, N=580). All data was normalized by the control group. The black lines and gray
shaded regions surrounding them represent the NLME fit and its 95% confidence interval. (¢) Lethal
concentrations (LC) values for paclitaxel were estimated from the NLME line fit. Line traces delineate LCss
(blue), LCs (red), and LCys (yellow) concentrations. Published in Zein-Sabatto A., et al., 2025.
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percent cell death (Fig. 7c). Paclitaxel treatment produced all LC values for the MCF7

cultures, up to LCso for HepG2 cultures, and up to LCas for cortical microtissues.

2.4 Discussion

Dose-response curves are useful tools that model the effect a molecule has on a
biological system. In toxicological studies, dose-response curves can be used to profile the
cytotoxicity of a treatment. In this aim, we reliably produced the characteristic “S” shaped
logistic curves for most treatment conditions using 8-10 logarithmically spaced
concentrations (Fig. 4-7). Assays and treatments were matched based on the ability of the
assay to best capture the biological injury elicited by the treatment (i.e., the most sensitive
assay for each treatment). Overall, dose-response curves provided a comparative
assessment of treatment potency across our microtissue cultures. A table summarizing all

reported LC values could be referenced in the Appendix (App. 1.1).

From the CellTiter-Glo 3D assay, we compared the effects 2DG and oligomycin A
treatment had on the ATP content of microtissues. The decrease in ATP content was
associated with metabolic inhibition and ultimately cell death. 2DG is a synthetic glucose
analog that inhibits glycolysis due to the intracellular accumulation of its metabolite which
competitively inhibits hexokinase.*> In our data, an increase in 2DG concentration resulted
in the decrease of ATP content as expected. In addition, 2DG was more potent in HepG2
and MCF7 cultures, with respective LCso concentrations of 52 mM and 29 mM, compared
to cortical microtissues which had a LCso of 110 mM. The increased potency of 2DG in

HepG2 and MCF7 microtissues was expected since tumor cells rely more heavily on
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anaerobic respiration through glycolysis for their metabolic needs.®’ This phenomenon is
known as the Warburg effect. The larger detrimental effect 2DG has on tumor microtissues
is compounded by the increased expression of glucose transporter proteins, like Glutl, in
both cancer types.®® Collectively, the increased accumulation of 2DG in the tumor cells

leads to cell death as cells struggle to meet their energy demands.

On the other hand, oligomycin A is an ATP synthase inhibitor that blocks proton

translocation and ultimately oxidative phosphorylation.'®!!

Interestingly, cortical
microtissues were the most susceptible to oligomycin A treatment. A study conducted in
rat hippocampal slices showed that oxidative phosphorylation was the major metabolic
pathway that supplied ATP for neuronal activity and pre/postsynaptic action potentials.'?
These findings coincide with the increased cytotoxicity elicited by oligomycin A treatment
in neurospheroids (Fig. 4). Another interesting finding involved the inability of oligomycin
A treatment to produce an LCso or LC7s in HepG2 microtissues (Fig. 4). The increased
potency of oligomycin A in MCF7 compared to HepG2 was also reflected by the results
from another study.!®> The source of oligomycin A resistance in HepG2 microtissues may
be explained by the expression of efflux pumps such as P-glycoprotein (Pgp). Pgp is a
transmembrane protein pump that belongs to a family of ATP Binding Cassette transporters
that acts upon a broad range of lipophilic and amphiphilic molecules. The Pgp efflux pump
has been suggested to reduce the intracellular bioavailability of molecules by binding to
them while they are traversing through the cell membrane and “flipping” them to the outer
membrane leaflet.'*!> Pgp has been extensively studied, and is a well characterized

mediator of multidrug resistance in cancer.!®!” Clinically, increased Pgp expression in

patients with hepatocellular carcinoma was associated with significantly poorer treatment
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response and prognoses.'® Furthermore, a study found that Pgp expression was more than
three times higher in HepG2 compared to MCF7 tumor cells treated with doxorubicin.'’
The contribution of Pgp on oligomycin A resistance in HepG2 could be elucidated by co-
treating HepG2 microtissues with verapamil, a known Pgp inhibitor.'” These study findings

collectively support the differences in oligomycin A potency across tissue type.

The Live/Dead assay was used to measure the cytotoxic effects resulting from
membrane damage induced by Triton X-100 and melittin. Triton X-100 is a nonionic
surfactant that is commonly used as an emulsifier and detergent. The pores formed by
Triton X-100 increase in diameter in a dose-dependent manner resulting in increased
membrane permeabilization.?® Interestingly, LC values were similar across all microtissue
types. This suggested that Triton X-100 had a similar impact regardless of the biological
origin of the tissue. This is contrasted by the ~10-fold difference in LC values across
melittin treated tumor and cortical microtissues (Fig. 5). Melittin is a pore-forming venom
extracted from the European honeybee that forms a-helical structures in the cell
membrane.?! It was posited that melittin may insert into the membrane with varying
orientations; however, after a critical lipid-to-protein ratio is reached, melittin proteins
transition to form stable pores.?!** The ability of the tumor microtissues to better tolerate
melittin treatment compared to neurospheroids may be due to their membrane repair
capabilities. Previous studies have shown that tumors overexpress annexin which
consequently increases their ability to repair membrane damage.?®> Additional mechanisms
including membrane blebbing, shedding, and endocytosis could also be upregulated in
tumors to counteract the effects of membrane poration.’* We hypothesize that the

upregulation of membrane repair mechanisms provide tumor with mechanisms to
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counteract the formation of smaller pores caused by melittin but not the larger scale
solubilization induced by Triton X-100. Future experiments may image melittin and Triton
X-100 treated tumor microtissues using transmission election microscopy to visualize the

effects of both treatments on membrane pore size and disruption.

The Caspase-Glo 3/7 3D assay was used to measure apoptotic cell death caused by
cisplatin and melphalan. The assay relies on intracellular caspase-3 and -7 to cleave a
proluciferin substrate which then interacts with luciferase to emit light. Both cisplatin and
melphalan are alkylating agents that form intra- and interstrand crosslinks in DNA.?>%7
The accumulation of DNA damage results in downstream signaling cascades including p53
and mitogen-activated protein kinase (MAPK) which in turn activate caspase and
ultimately induce apoptosis.?®>! Cisplatin and melphalan were most potent in cortical
microtissues (Fig. 6). Between the tumor microtissues, cisplatin was more potent in HepG2
while melphalan was more potent in MCF7 microtissues (Fig. 6). The difference in potency
may highlight the ability of the two chemotherapies to differentially recruit or induce
additional signaling cascades that activate caspase-3 or caspase-7. Another finding
involved the increase in assay output to a peak value followed by a decrease in signal at
higher concentrations which was found in both HepG2 and cortical microtissue dose-
response curves involving cisplatin (Fig. 6a). In general, dose-response curves exhibit a
ceiling or floor effect such that increasing or decreasing treatment concentration beyond
the asymptotic point does not elicit a substantial change in output, respectively. Similar
trends involving caspase assay activity were reported for 2D cultured HepG2 cells treated
with tamoxifen which became more prominent with increased concentration and exposure

time.>? The typical progression of apoptotic cell death involves the phagocytosis of cells;
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however, cells in vitro are not efficiently cleared resulting in secondary necrosis.** Under
these longer exposure times and high treatment concentrations, the accumulation of
apoptotic cell death devolves into secondary necrosis which ultimately leads to the
decrease in caspase-3 and -7 activity. These findings highlighted the dynamic nature of

cytotoxicity and the need to consider temporal factors when measuring cell death.

Finally, the effect of paclitaxel induced microtubule over-stabilization was
measured through the EdU proliferation assay (Fig. 7). The over-stabilization of
microtubules prevents cells from forming the mitotic spindle which effectively flags the
spindle assembly checkpoint during mitosis.** This results in cell cycle arrest; furthermore,
the abrogation of checkpoint proteins Mad2 or BubR1 resulted in chemoresistance to
paclitaxel which suggested that a functional spindle assembly checkpoint is necessary for
paclitaxel chemosensitivity.* In this study, paclitaxel was unable to produce LC values
beyond the LCas in cortical microtissues (Fig. 7). The diminished EdU output in
neurospheroids could be explained by the lower proliferation rate of cortical cells
compared to tumor cells. The neonatal rat cortical microtissues contain neuronal progenitor
cells; however, the overall growth rate of the microtissues plateaus after seven days in
culture.’® Consequently, few cells are dividing at any given time in the treated
neurospheroids which limited the percentage of cells vulnerable to paclitaxel treatment;
similarly, only a small percentage of cells were capable of incorporating EAU into their
DNA which reduced the sensitivity of the assay. Increasing the exposure time of paclitaxel
or EdU in neurospheroids has the potential to increase assay output. In the tumor
microtissues, HepG2 cultures required a significantly larger dose of paclitaxel to elicit the

LCas and LCso when compared to MCF7 (Fig. 7). This differential effect could also be
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explained by the increased expression of Pgp in HepG2 microtissues or the mediation of
JNK signaling which was shown to promote resistance to paclitaxel treatment in HepG2

cells and other drug-resistant strains of hepatocellular carcinoma.’”-

2.5 Conclusion

The overall goal of this aim was to identify the ideal dose ranges for all seven
treatment conditions using “best fit” assays. This was critical since we required a reliable
and reproducible approach to induce cell death across multiple assay-treatment-culture
combinations. As a result, the LC values calculated from the dose-response curves in this
study were utilized for all further experiments. Furthermore, these dose-response curves
provided invaluable information regarding the cytotoxic characteristics of various
treatments. The comparison of LCso values for treatments within the same assay was a
relatively quick approach to evaluate the potency of a drug. Similar comparisons across
different assays are difficult to interpret, thereby limiting the comprehensive analysis of
cell viability across multiple assays. This highlights the need for better approaches to
analyze and interpret multi-assay data in a manner that better reflects the complexity and

interconnected nature of cell viability.
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CHAPTER 3: MULTIVARIATE ASSESSMENT OF

VIABILITY

Zein-Sabatto, A., St. Angelo, K., Madnick S.J., Hoffman-Kim, D., Morgan J.R., & Lee, J.
Multi-assay assessment of cytotoxicity reveals multiple mechanisms of action in 3D
microtissues. Sci. Rep. 15, 3090 (2025).

Data from Chapters 2 and 3 were published in the same manuscript. They were presented
as separate chapters herein to highlight their distinct contributions to study aims and
improve comprehensibility.

3.1 Introduction

Cell death is a complex process that involves a multitude of independent,
concurrent, and mediatory pathways that occur within an injured cell. Clinically, cell death
does not occur as a monolithic process. In fact, multiple cell death pathways have been
simultaneously observed in heart disease, cancer, and Alzheimer’s disease.'” Cells
experiencing the same perturbation may initiate a variety of cellular responses. For
instance, activation of the tumor suppressor gene p353 through cellular stress can set forth
cascades utilized by both autophagy and apoptosis.® Another significant source of overlap
between cell death pathways involves mitochondrial disruption. The activation of
proapoptotic proteins through extrinsic signaling or internal stressors can induce
mitochondrial outer membrane permeabilization.” This leads to the release of cytochrome

¢ which continues the apoptotic signaling cascade through caspase-3/7 activation.’
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Alternatively, the formation of the mitochondrial permeability transition pore (MPTP)
leads to the depolarization of the inner membrane resulting in organelle swelling, calcium
deregulation, and the loss of ATP production.® The rapid depletion of ATP is a hallmark
feature of necrosis which effectively inhibits the ATP-dependent apoptotic pathway.” In
addition, the deleterious effects of mitochondrial injury involve the accumulation of
cytosolic calcium levels which mediates necroptosis through activation of RIP3 and
calcium-calmodulin kinase IL1.!°'? Cell death pathways may also converge through
multifunctional proteins like caspase-8 which has been implicated in apoptosis, autophagy,
pyroptosis, and necroptosis.!*!* More specifically, the inhibition of caspase-8 has been
linked with increased autophagy through ATG7 and beclin 1 gene activation.'> Meanwhile,
activation of caspase-8 activity was linked to the inhibition of pro-necroptotic and

proinflammatory proteins including RIPK 1, RIPK3, and CYLD.'¢""®

The interactions between multiple mechanisms of cell death are also present in
cancer treatment. Traditionally, apoptosis was viewed as the primary mechanism of cell
death induced by anticancer drugs; however, many studies have challenged this claim.?*?!
The type of cell death experienced by cells is contextual and depends on multiple factors
including cell type, genotype, concentration of treatment, and metabolic activity.?! %}
Therefore, differences in cell fate from within the same tumor are expected to arise from
genetic heterogeneity, nutrient gradients, and bioavailability of treatments. Anticancer
therapies have also been shown to elicit multiple pathways within tumors. Sorafenib, a
tyrosine kinase inhibitor, induced both apoptosis and autophagy in prostate cancer cells.?*

Meanwhile, a study that investigated the effects of paclitaxel on gastric cancer cells

revealed the presence of mitotic catastrophe, cellular senescence, autophagy, and
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apoptosis.”® Similarly, doxorubicin, a commonly used chemotherapy for solid tumors,
exhibited dose-dependent induction of mitotic catastrophe with low doses and a transition
to apoptotic cell death at higher doses.?® Collectively, these results highlight the need for
multi-assay assessments of cell viability to better understand the complex and intricate

nature of cell death.

The presence of crosstalk and interactions between cell death pathways is a topic
of active discussion, and the examples given provide a small glimpse into a growing field
of study. The exact biological mechanisms responsible for overlap in cell death pathways
is beyond the scope of this thesis; however, this study implemented an empirical approach
to measure the cytotoxic contribution of multiple cell death pathways following distinct
cellular perturbations. This was accomplished by collecting data from four distinct assays
for each treatment type; nevertheless, the holistic interpretation of multi-assay data is
challenging. Common statistical tests, including t-tests and ANOVA, must be conducted
independently for each assay. The direct comparison of analytical and statistical outputs
across the different assays is logically tenuous. Furthermore, fulfilling all the prerequisites
for a single statistical analysis across all groups of a HTS study is challenging considering
normality, homoscedasticity, and sample sizes requirements are difficult to satisfy in real-
world biological data.’’? In this aim, we demonstrated the analysis of multi-assay data
through multivariate approaches to help address the aforementioned limitations. This
included the implementation of linear mixed effects (LME) models and principal
component analysis (PCA) to provide a more robust framework to analyze multimodal

datasets.
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3.1.1 Multivariate Approaches to Analyze Cell Viability Data

In this study, LME and PCA multivariate approaches were implemented to analyze
multimodal data collected from four assays, seven treatments, and three microtissue
cultures. Both approaches provided insightful analytical perspectives regarding the
interpretability of the cell viability data. LME models are versatile and widely used
approaches that are more powerful implementations of linear regressions. These models
are particularly well-suited to model grouped data formats including longitudinal, repeated
measures, and multilevel data.’*® LME models incorporate fixed effects, which are the
experimentally captured variables, and random effects, which involve the inherent
variation caused by randomly selecting samples from a population.*® In addition to random
effects, within-group residual errors are calculated to provide more accurate modeling of

the dataset.>! The basic model can be described by Equation 5
Equation5 y=Xf+Zb+e¢

where y is the column vector of the output responses, X is the design matrix of predictor
variables, f is the column vector containing fixed effects regression coefficients, Z is the
design matrix of random effects and groups, b is the column vector of random effects for
each group, and ¢ is the residual error. The model equation allows for the coupling of
corresponding fixed and random effects.’! Parameter estimates for the equation can be
calculated using different methods; however, restricted maximum likelihood estimation
was used in this study to maximize the log-profile-restricted-likelihood.?! In this study,
LME regression fits and their extracted slopes were utilized to capture the assay response
for each treatment combination.
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PCA is an interdisciplinary statistical technique used for the reduction of
dimensionality in larger datasets.>? It enables the extraction of features that best capture the
variance in data while minimizing data loss. PCA accomplishes this by identifying new,
arbitrary variables (also known as principal components) that are linear combinations of
variables from the original dataset. The data is generally centered and standardized, then
the multidimensional data is fitted to minimize the sum of the squared distances from each
datapoint to a fitted line.** This line of best fit is called the first component (PC1);
subsequently, the second component (PC2) is derived by taking a line perpendicular to the
first that minimizes the sum of the squared distances.’® This process can be repeated to
extract all principal components. The vector components of PC1 are reported as the
eigenvectors which capture the direction of the principal component. Eigenvalues represent
the magnitude of importance or spread of each eigenvector. Eigenvectors with the smallest
eigenvalues are dropped to reduce the complexity of the dataset whilst maintaining the
most relevant information. PCA can be reliably performed on datasets with linear
relationships, highly correlated independent variables, and large sample sizes. They are
also robust against deviations in normality assumptions.>? Ultimately, PCA generates a

series of linear equations for each principal component in the form of Equation 6
Equation6  PC; = w1 X; + w; X5 -+ w; n Xy,

where the ith principal component is calculated by the linear combination of variable X
multiplied by its respective weight, or eigenvector, w. In this study, PCA was used to
compare inter-assay response through PCA loadings and a newly derived metric termed

multi-mechanisms LCso (MMLCso). The implementation of both LME and PCA provided
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a unique opportunity to analyze multivariate assay data. Unlike traditional parametric and
nonparametric approaches, the multivariate approaches utilized herein provided a more

direct interpretation of cell viability.

3.2 Methods

3.2.1 Cell Culture and Three-Dimensional Microtissue Formation

Detailed methods and protocols used to culture, passage, and maintain the HepG2
and MCF7 tumor microtissues were provided in Section 2.2.1: Cell Culture. The protocol
for primary neonatal cortical rat cell isolation was previously provided in Section 2.2.1:
Cell Culture: Primary Neonatal Rat Cortical Cell Isolation. Methods describing the
generation of the agarose 96-microwell arrays and the seeding of the three-dimensional

microtissues were provided in Section 2.2.2: Three-Dimensional Microtissue Culture.

3.2.2 Multi-Assay Compound Treatment

Treatment stock and working solutions were generated using similar methods
described in detail in Section 2.2.3: Compound Treatment; however, serial dilutions were
not implemented to induce cellular perturbations for this study aim. Instead, the
precalculated lethal concentrations (LCs) that elicited 25, 50, and 75 percent cell death
from the “best fit” assay-treatment pairs were utilized across all assays. In some instances,
LC values could not be achieved using predetermined solubility and media displacement

guidelines described in the previous chapter. Treatment LCs that were unachievable were
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excluded from the study. A summary table of all LCs used in this aim can be referenced in

the Appendix (App. Al). All treatments involved 24-hour exposure periods.

3.2.3 Luminescence and Fluorescence Assay Protocols

The methods used to collect data from the CellTiter-Glo 3D, Live/Dead
cytotoxicity, Caspase-Glo 3/7 3D, and Click-iT EdU Proliferation assays were identical to

the ones used in Sections 2.2.4 through 2.2.7.

3.2.4 Image Processing

The image processing pipelines for fluorescence images acquired using the

Live/Dead and EdU proliferation assays were identical to those used in Section 2.2.8.

3.2.5 Statistical Analysis

For this study aim, changes in cell viability were analyzed using all combinations
of assays, treatments, and microtissue culture types using previously determined LCs and
24-hour exposure periods. Data collection from the CellTiter-Glo 3D and Caspase-Glo 3/7
3D assays for HepG2 and cortical microtissues included eight microtissues per treatment
concentration and two independent experiment replicates. Data outputs from MCF7
microtissues involved three gels per treatment concentration and two independent
experiments. Live/Dead and EdU proliferation assays extracted a total of 20 microtissues
per treatment condition and two independent experiment replicates for all microtissue
types, except for HepG2 cultures which included three independent experiments. A total of

8,758 datapoints were collected instead of the anticipated 9,408 since not all treatments

60



elicited the full range of LCs without exceeding solubility and media displacement
guidelines. Data normalization was conducted in a manner similar to that of the previous
chapter. In brief, CellTiter-Glo 3D and Caspase-Glo 3/7 3D luminescent output was
normalized by the cross-sectional pixel area from each microtissue for HepG2 and cortical
microtissues. All assay data were normalized by the means from their respective vehicle

controls.

Linear Mixed Effects Models

After data preprocessing, assay outputs were fitted to a linear regression using a
LME model with 95% confidence intervals using a custom MATLAB (MathWorks) code.
A regression fit was deemed significant if it had a p<0.05 and a slope magnitude greater
than 0.1. The slope threshold of 0.1 ensured that assay output changed by at least 10% of
the expected outcome which was used to identify any nonresponding assays. Additional
exclusion criteria were implemented to ensure the linearity of all LME regression fits. This
was of particular importance since some assay outputs plateaued at higher treatment
concentrations. To determine whether the LC7s treatment condition was to be excluded
from the model fit, a single-tailed t-test between the LC7s and LCso treatment groups was
conducted when both passed normality and equal variance assumptions. If either subset of
data failed the test, the statistical test was conducted on the bootstrapped data. The LC7s
dataset was excluded from the fit when its group mean was not statistically different from
the LCso group mean (i.e., p > 0.05 and therefore we accept the null hypothesis). If the LC7s
was excluded, the same exclusion criteria were applied between the LCso and LCas. The
slopes from the LME fit regressions were extracted and plotted. Slope values were

expected to be negative since an increase in treatment concentration led to a decrease in
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assay output. The Caspase-Glo 3/7 3D assay was the only exception since increased cell
death through apoptosis was measured by an increased signal output. This would result in
a positive slope. For an integrative slope comparison across all assays, caspase assay slope
fits were normalized by the mean of the slopes from the standard-pair treatment (i.e.,
cisplatin and melphalan) and then multiplied by -1.0, such that the average slope from the

cisplatin and melphalan treated microtissues became -1.0.

Principal Component Analysis

PCA and its subsequent statistical tests were conducted in JMP Pro 16 (JMP
Statistical Discovery LLC.) using the same dataset from the LME model regression fits.
Prior to PCA, data preprocessing was implemented. Live/Dead and EdU assay datasets
were truncated to match the sample sizes of the CellTiter-Glo 3D and Caspase-Glo 3/7 3D
assays. This was necessary since PCA cannot be conducted on datasets with mismatched
sample sizes. To achieve this, eight out of 20 microtissues per treatment concentration per
experimental replicate were randomly selected for HepG2 and cortical microtissues
analyzed by the Live/Dead and EdU assays. Similarly, MCF7 datasets analyzed by
Live/Dead and EdU assays were truncated by randomly selecting three out of 20 datapoints

per treatment concentration per experimental replicate.

Next, all data was normalized to its vehicle control except for Caspase-Glo 3/7 3D

assay data which was normalized by Equation 7

Xi

Equation7 x=1-—

XLC7s
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where x is the normalized datapoint, x; is the raw datapoint, and X is the mean from the
LC7s treatment group. PCA was conducted on the covariances and the eigenvalues,
eigenvectors, variances, and Bartlett’s test of sphericity (x> < 0.05 considered significant)

for PC1 were determined. The eigenvector and eigenvalues were calculated by Equation 8
Equation 8  Covariance Matrix - Eigenvector = Eigenvalue - Eigenvector

where the covariance matrix is an » X n matrix that captures variable variance along the
diagonal and the covariance between paired variables along the off-diagonal elements.
PCA loadings combine the magnitude and direction of each variable relative to a principal

component. Loadings were calculated using Equation 9.

Eigenvector * \/Eigenvalue

Standard Deviation

Equation9  Loadings =

Extracting MMLCso

PC1 and PC2 data transformations for all outputs were derived using Equation 6.
Scatterplots for each treatment-culture combination were used to visualize the data using
SigmaPlot 15.0 (Systat Software Inc.). Next, PC1 transformed data was plotted against the
LC of any given treatment and fitted to a second-order polynomial in SigmaPlot 15.0. The
new MMLCso was derived by taking two-thirds of the data range and subtracting it from
the mean value of PC1 at the control (i.e., the mean y-value for the control group). The
point on the line that corresponded to the calculated difference was projected onto the x-
axis and represented the new MMLCso. The MMLCso was converted to its representative
molar concentration by solving the equation of the line extracted from the nonlinear mixed

effects model from the previous chapter.
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3.3 Results

Previously, treatments were analyzed using a “best fit” assay that was anticipated
to be the most sensitive to changes in viability relative to the treatment’s mechanism of
action. This conventional approach does not investigate the unanticipated or off-target
effects a treatment may have on other biomarkers associated with cell death. For instance,
the disruption to the membrane caused by the pore-forming agents melittin and Triton X-
100 were measured using the Live/Dead assay. This assay quantified the pervasiveness of
membrane injury through increased signal from ethidium homodimer staining which is a
cell impermeant dye. Nevertheless, membrane disrupting agents may also affect metabolic
health, induce apoptosis, or curtail proliferation. To investigate the multimodal interactions
between cell death pathways and assay sensitivity, we tested all combinations of treatments

and assays using previously calculated LC values (App. Al).

3.3.1 Linear Mixed Effects Models

Assay outputs from each testing condition were plotted using a LME model, and a
simple regression was fitted to the data. From these linear regressions, we expected the
slopes of the line to be -1.0 if the change in viability captured by the assay decreased
proportionally to the increase in LC. In other words, a 25% increase in concentration would
lead to an additional 25% loss in cell viability. For the CellTiter-Glo 3D assay, this
expectation was observed except for HepG2 microtissues treated with oligomycin A which

produced a steeper slope (Fig. 8). Assay outputs plateaued at the highest tested LCs for all
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Figure 8. Linear regressions from the CellTiter-Glo 3D assay. CellTiter-Glo 3D data was collected from
various compounds (columns) in various microtissues (rows) using previously derived lethal concentrations.
Data from neurospheroids and HepG2 microtissues were initially normalized by their cross-sectional area,
and all data was normalized to their controls. A regression was fitted to each treatment group using a linear
mixed effects model (LME, black lines). Error bars and shaded gray regions signify the 95% confidence
intervals. A dose-response was considered substantial when the p-value of the LME fit was p<0.05 and the
absolute value of the slope was greater than 0.1 (dark gray). HepG2 and neurospheroid graphs contained
eight microtissues per datapoint and two independent experiments (blue and orange). MCF7 graphs contained
three gels per datapoint and two independent experiments (blue and orange). 2DG: 2-Deoxy-D-glucose, Oli:
oligomycin A, Tri: Triton X-100, Mel: melittin, Cis: cisplatin, Mef: melphalan, Pac: paclitaxel, Neuro:
neurospheroid. See methods for data fit exclusion criterion. Published in Zein-Sabatto A., et al., 2025.

microtissues treated with Triton X-100 and MCF7 treated with melittin. Treatments that
produced negligible changes to the CellTiter-Glo 3D assay output included HepG2 treated
with cisplatin as well as MCF7 treated with melphalan and paclitaxel (light gray lines, Fig.
8). Interestingly, ATP content increased significantly in HepG2 microtissues treated with

paclitaxel.

Similar analysis was conducted for the Live/Dead assay (Fig. 9). Slopes of -1.0
were observed in “best fit” treatment-assay combinations for all microtissues (i.e., columns
pertaining to Triton X-100 and melittin). Live/Dead assay output did not plateau at higher

LC concentrations or produce positive slopes for any testing combination.
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Figure 9. Linear regressions from the Live/Dead assay. Live/Dead Viability/Cytotoxicity assay data was
collected from various compounds (columns) in various microtissues (rows) using previously derived lethal
concentrations. Data from all microtissues was normalized to their controls. A regression was fitted to each
treatment group using a linear mixed effects model (LME, black lines). Error bars and shaded gray regions
signify the 95% confidence intervals. A dose-response was considered substantial when the p-value of the
LME fit was p<0.05 and the absolute value of the slope was greater than 0.1 (dark gray). All datapoints
contained 20 microtissues per condition and two (neurospheroid and MCF7) or three (HepG2) independent
experiments (blue, orange, and yellow, respectively). 2DG: 2-Deoxy-D-glucose, Oli: oligomycin A, Tri:
Triton X-100, Mel: melittin, Cis: cisplatin, Mef: melphalan, Pac: paclitaxel, Neuro: neurospheroid. See
methods for data fit exclusion criterion. Published in Zein-Sabatto A., et al., 2025.

Negligible assay outputs were reported for HepG2 microtissues treated with oligomycin
and paclitaxel, MCF7 treated with paclitaxel, and cortical microtissues treated with 2DG

(light gray lines, Fig. 9).

Data from the Caspase-Glo 3/7 3D assay produced a variety of regression fits (Fig.
10). Treatments that elicited a proportional change in viability with regards to assay output
were expected to have a slope of 1.0; however, the data normalization for the caspase assay
prevented this expected outcome. Data normalization to vehicle controls resulted in the
reporting of apoptotic activity relative to baseline levels rather than providing a percent

decrease in cell viability. Nevertheless, differences in caspase 3/7 activity across treatments
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Figure 10. Linear regressions from the Caspase-Glo 3/7 3D assay. Caspase-Glo 3/7 3D apoptotic data was
collected from various compounds (columns) in various microtissues (rows) using previously derived lethal
concentrations. Data from neurospheroids and HepG2 microtissues were initially normalized by their cross-
sectional area, and all data was normalized to their controls. A regression was fitted to each treatment group
using a linear mixed effects model (LME, black lines). Error bars and shaded gray regions signify the 95%
confidence intervals. A dose-response was considered substantial when the p-value of the LME fit was p<0.05
and the absolute value of the slope was greater than 0.1 (dark gray). HepG2 and neurospheroid graphs
contained eight microtissues per datapoint and two independent experiments (blue and orange). MCF7 graphs
contained three gels per datapoint and two independent experiments (blue and orange). 2DG: 2-Deoxy-D-
glucose, Oli: oligomycin A, Tri: Triton X-100, Mel: melittin, Cis: cisplatin, Mef: melphalan, Pac: paclitaxel,
Neuro: neurospheroid. See methods for data fit exclusion criterion. Published in Zein-Sabatto A., et al., 2025.

were observed. Caspase activity increased for most treatments but significantly dropped in
HepG2 microtissues treated with 2DG and melittin as well as MCF7 microtissues treated
with Triton X-100 and melittin. Negligible changes to caspase 3/7 activity were observed
in MCF7 microtissues treated with 2DG and oligomycin A as well as cortical microtissues

treated with Triton X-100 and melittin (light gray lines, Fig. 10).

Finally, LME regression fits were reported for the Click-iT EdU proliferation assay
(Fig. 11). Paclitaxel treatment in MCF7 and cortical microtissues were unable to produce
slopes of -1.0 while it produced a steeper slope in HepG2 cultures. Assay plateaus were

observed across many testing conditions including HepG2 microtissues treated with Triton
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Figure 11. Linear regressions from the Click-iT EdU proliferation assay. EdU proliferation assay data was
collected from various compounds (columns) in various microtissues (rows) using previously derived lethal
concentrations. Data from all microtissues was normalized to their controls. A regression was fitted to each
treatment group using a linear mixed effects model (LME, black lines). Error bars and shaded gray regions
signify the 95% confidence intervals. A dose-response was considered substantial when the p-value of the
LME fit was p<0.05 and the absolute value of the slope was greater than 0.1 (dark gray). All datapoints
contained 20 microtissues per condition and two independent experiments (blue and orange). 2DG: 2-Deoxy-
D-glucose, Oli: oligomycin A, Tri: Triton X-100, Mel: melittin, Cis: cisplatin, Mef: melphalan, Pac:
paclitaxel, Neuro: neurospheroid. See methods for data fit exclusion criterion. Published in Zein-Sabatto A.,
et al., 2025.

X-100, cisplatin, and melphalan as well as MCF7 microtissues treated with oligomycin A,
melittin, cisplatin, and melphalan. Negligible changes to proliferation were observed in
HepG2 cultures treated with melittin and neurospheroids treated with paclitaxel (light gray

lines, Fig. 11).

Slopes from all LME regression analyses were reported in Figure 12. As previously
mentioned in Section 3.2.5:Statistical Analysis: Linear Mixed Effects Models, the slopes
for all Caspase-Glo 3/7 3D assay data were normalized by the average slope from both

“best fit” treatment pairs (i.e., cisplatin and melphalan) for each culture type and multiplied
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Figure 12. Slopes derived from linear mixed effects models fitted with linear regressions for all conditions.
These slopes captured inter-assay response to various treatments (columns) in all tissue culture types (rows).
Error bars represent 95% confidence intervals in the slopes. Different colors represent the different assays
used (red: CellTiter-Glo 3D, blue: Live/Dead, yellow: Caspase-Glo 3/7 3D, cyan: Click-iT EdU proliferation
assay). 2DG: 2-Deoxy-D-glucose, Oli: oligomycin A, Tri: Triton X-100, Mel: melittin, Cis: cisplatin, Mef:
melphalan, Pac: paclitaxel, neuro: neurospheroid. Published in Zein-Sabatto A., et al., 2025.
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by -1 for consistent visual comparison across testing conditions. This approach allowed for
the direct assessment of assay responses across different treatments and culture types.
Multiple assay outputs responded significantly to each treatment tested, and the “best fit”
assay-treatment pairs were occasionally outperformed. For example, the caspase assay was
outperformed by the EAU assay for cisplatin and melphalan treatments. Similarly, the ATP
assay outperformed the Live/Dead assay in MCF7 microtissues treated with melittin (Fig.

12)

3.3.2 Principal Component Analysis

While the LME regression slopes provided comprehensive insight regarding the

assay response to various treatments, its results remain convoluted. This approach did not
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comprehensively assess the combinatory and concurrent effects from the different
mechanisms of cytotoxicity. To address this, we proposed a novel method that derived a
comprehensive LC value through PCA. Simulated data was used to establish the method’s

feasibility (Fig. 13). For simplicity, two simulated dose-response curves were used for the
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Figure 13. Dose-response simulation data validates the use of principal component analysis (PCA) to analyze
multimodal datasets. (a) Input dose-response curves with slopes of increasing magnitude (top to bottom)
were plotted against the ideal response which generates a slope of -1.0 (triangles). (b) The first two principal
components (PC1 and PC2) from the PCA were plotted on a scatterplot. (¢) PCA loadings for both
components were plotted along a red unit circle. Loading plot vectors (dashed lines) display the magnitudes
of both PC1 and PC2 loadings when projected onto their respective axis. The percentages displayed near the
x and y axes represent the percent of data variation captured by PC1 and PC2, respectively. (d) PC1 from
each simulation was plotted against its theoretical lethal concentration, and a second order polynomial was
fitted to the data (black lines). Multi-mechanisms LCso (MMLCso) was calculated by taking two-thirds of the
full data range and subtracting it from the vehicle control PC1 value, then projecting that value on the x axis
(gray dotted lines). Published in Zein-Sabatto A., et al., 2025.
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proof-of-concept example. One dose-response curve maintained the expected slope of -1.0
from “best fit” assays and the second dose-response curve had varying slopes of 0, -0.5, -
1.5, and -3.0 (Fig. 13a). PCA scatterplots and loading plots provided visual information
regarding the correlation between the two datasets (Fig. 13b, ¢). The MMLCso, which was
described in more detail in Section 3.2.5:Statistical Analysis: Extracting MMLCso, was
derived for each scenario (Fig. 13d). Simulation data revealed the leftward shift of the
MMLCso as slopes surpassed the -1.0 dose-response curve. Furthermore, the MMLCso

shifted by a larger magnitude when the dose-response curve was steeper.

Next, the multi-assay dataset was analyzed using this proposed approach. Prior to
running the PCA, all data was normalized by its control group except for caspase assay
data which was normalized using Equation 7. PCA scatterplots and second-order
polynomial fits were reported for each treatment-culture combination (Figs. 14, 15, and
16). Furthermore, the percentage of variance captured by PC1 and PC2 relative to the
dataset was reported. MMLCso derivations required a LCrs; consequently, testing
conditions that did not contain a LC7s were excluded from the polynomial fit and MMLCso
extraction. These included HepG2-oligomycin, HepG2-paclitaxel, and neurospheroid-
paclitaxel treatment combinations. Interestingly, PCA isolated the different LC conditions
into different clusters. In general, the MMLCso either approximated the LCso or shifted
leftward. The largest shift involved HepG2 microtissues treated with melphalan which had
an MMLCso of 17.6% (Fig. 14f). This was closely followed by MCF7 microtissues treated
with cisplatin which had a MMLCso of 17.9% (Fig. 15¢). Notably, the MMLCso shifted
rightward for MCF7 cultures treated with paclitaxel (Fig. 15g). A table summarizing all LC

and MMLCso values was provided in the Appendix (App. Al).
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Figure 14. Principal component

PC1 (83.7%)

Paclitaxel Lethal Concen. (%)

analysis (PCA) panel of HepG2 microtissues treated with various
compounds. HepG2 multimodal data which contained results from four independent assays using previously
determined lethal concentrations (LC) were transformed to two principal components (PC1 and PC2) using
PCA. Scatterplots visualized the distribution of the data, and the percentage of variance captured by each
component was reported. PC1 data was also plotted as a function of lethal concentration, and a second order
polynomial was fitted to the data (black lines). Multi-mechanisms LCso (MMLCs¢) was calculated by taking
two-thirds of the full data range and subtracting it from the vehicle control PC1 value, then projecting that
value on the x axis (gray dotted lines). Each condition contained 16 microtissues (n=8 microtissues per

condition and two independent experiments). Published in Zein-Sabatto A., et al., 2025.

72



(%)

b MCF7 Oligomycin
1.0 - 2 -
o vence O vetice
o Lc2s © Lc25
@ LC50 ® LCs0
® LC7s ® LC75
0.5 14
=00 o © o0
= %ﬁa &
g
-0.5 -1
10 _p \MMLC50= 36.5%
- -1 0 2 0 25 50 75
PC1 (79.6%) Oligomycin Lethal Concen. (%)
d MCF7 Triton X-100
1.0 2 3
O Vehicle O Vehicle
@ LC2§ @ LC25
@ LC50 ® LC50
. s e Lo
0.5 1 14
9 °
3 , ¥ -
€007 T 8o i
Q ° &
o
05 A
10 o [MMLCE0=46.7% :
-2 -1 o] 1 2 0 25 50 75
PC1(88.1%) Triton X-100 Lethal Concen. (%)
MCF7 Melphalan
1.0 2
O Vehicle O Vahicle
@ LC2s @ Lc2s
e Lo & Lo
® LC75 ® LCT§
0.5 14
g 'Q o
g oo - oo
o Bl o
] ]
g ®
0.5 -1 4
10 > . MMLC50= 19.4%
2 -1 o] 1 2 0 25 50 75

PC1(72.4%)

MCF7 Paclitaxel
2

Vehicle
LC25

00

LC50
Le7s

—3

MMLC50= 59.4%

1.0 2
©  Vehicla C Vehice
@ LC25 @ LC25
® LC50 @ LC50
® LC75 ® LCV5
0.5 - 1
=
[} l [
% < -
s 00 Ve 5o
S (¥4 <
Q ()
o
-0.5 -1
10 2 MMLC50=48.2% :
-2 -1 0 25 50 75
PC1(87.2%) 2-Deoxy-D-glucose Lethal Concen.
MCF7 Melittin
1.0 2
O Wehicle O Vehicle
o lczs
o Lo%
® LC75
0.5 1 @ 1-
E
o £ % -
w 0.0 0o
~ ¢ % o o
& o
o
0.5 -1
)= o7
1.0 2 | MMLC50=24.1%
-2 -1 0 1 2 0 25 50 75
PC1 (89.1%) Melittin Lethal Concen. (%)
e MCF7 Cisplatin
1.0 2
O venide o venise
® LG25 ° LGS
e LCS0 @ LC50
® LC75 a ® LCi5
0.5 - - 1
E\:. \(.lq .'J
- 5 -
5 0.0 - E Q
g *
0.5 - ° -1
10 2 MMLC50= 17.9%
-2 -1 0 1 2 0 25 50 75
PC1(85.5%) Cisplatin Lethal Concen. (%)
1.0
O Vahicle
@ LC2s
® LC50
® LCT5
0.5 -
9
=] ., oo
n oo
< 00 200
~ He
2 .
-0.5 -
-1.0

Figure 15. Principal component analysis (PCA) panel of MCF7 microtissues treated with various
compounds. MCF7 multimodal data which contained results from four independent assays using previously
determined lethal concentrations (LC) were transformed to two principal components (PC1 and PC2) using
PCA. Scatterplots visualized the distribution of the data, and the percent of variance captured by each
component was reported. PC1 data was also plotted as a function of lethal concentration, and a second order
polynomial was fitted to the data (black lines). Multi-mechanisms LCso (MMLCS50) was calculated by taking
two-thirds of the full data range and subtracting it from the vehicle control PC1 value, then projecting that
value on the x axis (gray dotted lines). Each condition contained data from six replicates (n=3 datapoints per
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condition and two independent experiments). Published in Zein-Sabatto A., et al., 2025.
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Figure 16. Principal component analysis (PCA) panel of neurospheroids treated with various compounds.
Neurospheroid multimodal data which contained results from four independent assays using previously
determined lethal concentrations (LC) were transformed to two principal components (PC1 and PC2) using
PCA. Scatterplots visualized the distribution of the data, and the percent of variance captured by each
component was reported. PC1 data was also plotted as a function of lethal concentration, and a second order
polynomial was fitted to the data (black lines). Multi-mechanisms LCso (MMLC50) was calculated by taking
two-thirds of the full data range and subtracting it from the vehicle control PC1 value, then projecting that
value on the x axis (gray dotted lines). Each condition contained 16 microtissues (n=8 microtissues per
condition and two independent experiments). Published in Zein-Sabatto A., et al., 2025.
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The eigenvalues, percent variance captured, and the results from the Bartlett’s test
of sphericity were also reported for PC1 from all PCA datasets (Table 2). PC1 successfully
captured the majority of data variance across all datasets. The lowest and highest
performances were from neurospheroid cultures treated with melphalan (62.3%) and
cisplatin (91.1%), respectively (Table 2). Bartlett’s test of sphericity revealed that all PCA

dimension reductions were appropriate and statistically significant.

Table 2. Summary of eigenvalues, percentage of data variance captured, and chi-square results from the
Bartlett’s sphericity test for the first principal component were reported. Bartlett’s test of sphericity confirms
if principal component analysis dimension reduction was appropriate for any given dataset (c?> < 0.05).
Published in Zein-Sabatto A., et al., 2025.

Culture Type Treatment Eigenvalue Percentage 12
(%)
2DG 0.16 81.0 <0.0001
Oligomycin A 0.31 90.6 <0.0001
Triton X-100 0.36 72.0 <0.0001
HepG2 Melittin 0.18 65.0 <0.0001
Cisplatin 0.33 77.3 <0.0001
Melphalan 0.15 85.3 <0.0001
Paclitaxel 0.14 83.7 <0.0001
2DG 0.22 87.2 <0.0001
Oligomycin A 0.19 79.6 <0.0001
Triton X-100 0.34 88.1 <0.0001
MCF7 Melittin 0.43 89.1 <0.0001
Cisplatin 0.45 85.5 <0.0001
Melphalan 0.16 724 <0.0001
Paclitaxel 0.09 75.3 <0.0001
2DG 0.18 66.5 <0.0001
Oligomycin A 0.14 67.7 <0.0001
Triton X-100 0.26 76.4 <0.0001
Neurospheroid Melittin 0.27 83.0 <0.0001
Cisplatin 0.58 91.1 <0.0001
Melphalan 0.14 62.3 <0.0001
Paclitaxel 0.35 76.0 <0.0001
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Finally, PCA loadings were calculated using Equation 9 and provided an alternative
method to compare inter-assay responses and compound cytotoxicity (Fig. 17). Assays with
loadings of greater magnitude are more correlated with PC1 while positive or negative
values indicate whether the assay outputs were directly or inversely proportional to PC1,
respectively. Overall, multiple assays contributed to PC1 across treatments and culture
types with a few exceptions. Microtissue-treatment-assay combinations with loadings less
than 0.25 included HepG2-melittin-EdU, MCF7-cisplatin-ATP, and Neurospheroid-

paclitaxel-EdU (Fig. 17).
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Figure 17. The loadings from the first principal component were reported for all conditions. Different colors
represent the different assays used (red: CellTiter-Glo 3D, blue: Live/Dead, yellow: Caspase-Glo 3/7 3D,
cyan: Click-iT EdU proliferation assay). 2DG: 2-Deoxy-D-glucose, Oli: oligomycin A, Tri: Triton X-100,
Mel: melittin, Cis: cisplatin, Mef: melphalan, Pac: paclitaxel, Neuro: neurospheroid. Published in Zein-
Sabatto A., et al., 2025.
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3.4 Discussion

Traditional LC values provide limited information regarding the potency of a
compound using a single biological perturbation. This vastly underestimates the overall
viability since multiple pathways of cellular injury and death may occur simultaneously
within a sample. Conducting muti-assay analysis is advantageous; however, direct
statistical inferences cannot be made across different assays since conventional statistical
tests evaluate each assay independently. To address this, we collected multimodal data from
all combinations of seven treatments, four assays, and three tissue culture types. This
provided an opportunity to observe the response of different assays to the same treatment

conditions.

The steepness of the slopes derived from the LME model fits can be attributed to
the response of each assay (Figs. 8-11). When summarized in Figure 12, we see that
multiple assays responded significantly to the same treatment injury. This supported our
hypothesis that single mechanisms of injury (e.g., inhibition of glycolysis) can manifest its
negative effects on cell viability through multiple biomarkers. Both ATP and EdU assays
responded to metabolic inhibition using 2DG and oligomycin A across all microtissues (red
and cyan bars, Fig. 12). ATP and Live/Dead assays produced observable responses to
membrane poration from Triton X-100 and melittin (red and blue bars, Fig. 12). Caspase
and EdU assays responded to the alkylating agents cisplatin and melphalan (yellow and
cyan bars, Fig. 12). Finally, EAU responded most significantly to microtubule disruption
for HepG2 and MCF7 microtissues; meanwhile, ATP and caspase assays responded in the
neurospheroids (red, yellow, and cyan bars, Fig. 12).
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These findings were also reflected in the PCA loadings (Fig. 17). PCA is more
robust against deviations in normality and homoscedasticity when sample sizes are
sufficiently large.3*3* The applicability of the PCA approach to analyzing multimodal data
was also reflected by the simulation data, magnitudes of the loadings, and %> values from
the Bartlett’s test (Figs. 13 and 17; Table 2). PCA loadings, unlike the discrete slopes
extracted in Figure 12, correlated each assay to an arbitrary component that is dependent
on input variables. In general, PC1 can be broadly associated with cell viability but should
not be over interpreted. PCA loadings with smaller magnitudes indicated that a specific
assay was not sensitive to the cytotoxic response elicited by a treatment for a given
microtissue. For instance, HepG2 microtissues treated with cisplatin had a decreased ATP
assay loading response compared to the other three assays which highlighted the lower
sensitivity of the ATP assay (Fig. 17). This can be confirmed by cross-referencing the
loadings with the slopes from the LME regressions (Figs. 8-12). The convergence of both
statistical approaches to the same analytical outcomes was promising. The practical
implementation of this approach may involve researchers using an exclusion threshold on
the magnitudes of the slopes and PCA loadings to identify the mechanistic pathways of cell
death within a sample. Assays that do not respond or capture the data variance suggest
insignificant contribution to overall viability. This approach also identified the assays, and
therefore the biological perturbations, that are driving the cytotoxic response. Using this
approach, we were able to evaluate the robustness of our hypothetical “best fit” assay-
treatment combinations. In some instances, the “best fit” assay-treatment combinations
were outperformed by a secondary assay tested. This may suggest that the secondary assay

output was more sensitive to the biological disruption, or the treatment elicited a greater
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change to the secondary biomarker. These assumptions were difficult to decouple since the
assay outputs were collected using different methods (i.e., luminescence plate reader and
fluorescence microscopy). Furthermore, the caspase data was normalized using a different
approach for both LME and PCA methods. Future implementations of this approach may
benefit from utilizing identical data collection and processing methods to minimize

inherent data bias.

Interestingly, HepG2 microtissues treated with oligomycin A produced a steep
LME regression slope despite HepG2 resistance to oligomycin treatment (Fig. 8). One
method to help prevent conflating the large assay response with treatment potency may
involve plotting the LME regression as a function of actual molar concentration instead of
percent LC. This would incorporate the effects of potency on the overall slope; however, it

may impact the linearity and goodness of fit of the regression analysis.

Longitudinal data collected after 12, 24, and 48 hours of exposure to paclitaxel in
MCF7 microtissues revealed highly “noisy” data from the ATP and caspase assays, low
sensitivity from the Live/Dead assay, and increasing EAU assay sensitivity with exposure
time (App. A2). These findings confirm the critical contribution exposure time has on dose-
response curves and its impact on the multimodal data analysis. Future studies may
consider optimizing temporal factors in their experimental design and should only interpret

their results within the context of the time courses tested.

Thus far, we have shown that multi-assay approaches help capture different
mechanisms of cellular injury, and their results can be intuitively analyzed using LME and

PCA. The MMLCso is an additional method to analyze multi-assay data. Since the
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MMLCso is derived from PCA, input assays that carry the most variance will drive the
data’s fit (Fig. 13). The presence of input data with large margins of error, as was observed
in the ATP and caspase assay data from the longitudinal dataset, may cause significant
deviations in MMLCso (App. A2). Similarly, if an input dose-response curve with a
sufficient change in output plateaus at a smaller lethal concentration (i.e., assay output
reaches its maximal effect at a lower dose than the “best fit” assay-treatment pair), then the
PC1 fit is significantly impacted. This is observed by a leftward shift in MMLCso relative
to the LCso indicating that there may exist a more sensitive assay that detects changes to
viability at a lower dose (Fig. 13). For example, Triton X-100 treatment in HepG2
microtissues not only changed Live/Dead output as expected (blue bar, Fig. 12) but also
resulted in plateaus in ATP and EdU assays (Figs. 8 and 11). As a result, the plateauing
effect from the ATP and EdU assays caused the leftward shift in MMLCso (Fig. 14). A
MMLC:so closer to the LCso suggested that the compound caused disruption to at least one
assay, and it potentially affected other assay outputs to a similar or lesser degree. Under
such circumstances, PCA loadings can be used to identify whether multiple injury
mechanisms occurred simultaneously. For example, HepG2 microtissues treated with
melittin had a MMLCso of 49.8% which equated to 5.5 uM compared to the LCso of 5.6
uM (Fig. 14, App. Al). Despite this, LME regression slopes and PCA loadings revealed
that ATP, Live/Dead, and caspase outputs responded significantly (Figs. 12 and 17). Finally,
if an input dose-response curve with a sufficient change in output maintains a plateau at
lower doses followed by a sudden steep change (i.e., assay output only begins to change at
a higher dose than the initial “best fit” assay-treatment pair), then the MMLCso is also

affected. This is observed by a rightward shift in MMLCso relative to the LCso which may
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suggest the presence of a more sensitive assay; however, the cellular injury captured by
this assay requires a higher treatment dose to manifest. As previously mentioned, outputs
from assays that have large variances but do not respond significantly to dose can be
incorrectly analyzed by PCA MMLCso as a change in viability. One potential occurrence
of this scenario involves MCF7 microtissues treated with paclitaxel which observed a
rightward shift in MMLCso (Fig. 15). Despite this shift, LME regression fits and PCA
loadings confirm that the EAQU proliferation assay was the most sensitive assay (Figs. 8-12

and 17).

Finally, this study aimed to incorporate a multimodal approach using experimental
designs that are applicable to HTS studies. Technological advances in automation,
culturing techniques, and analytical tools are improving the accessibility of HTS studies
and their implementation in various fields. The platform used in this study utilized self-
aggregating microtissues that reliably created 3D spheroids in 96-microwell arrays using
cells from diverse origins. Other low-adhesion, multi-well plate formats have also become
commercially available. Regardless of the selected platform, 3D cultures form reproducible
samples that more closely recapitulate the in vivo microenvironment and maintain the
clinical relevance of the model. These samples are often used in conjunction with simple,
“add-mix-measure” assays for cost-effective outputs that are easily scalable for HTS
studies. The analytical approaches demonstrated in this study, based on LME and PCA, can
be readily applied to larger studies; furthermore, their outputs enable the quantifiable
assessment of multi-assay responses in an intuitive and comprehensive manner. This will
allow researchers to reveal complex, multifaceted pathways of cytotoxicity that may be

overlooked by single assay analysis. For example, the multimodal approach may reveal
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unanticipated mechanistic effects of drugs leading to more accurate pharmacological and
toxicological profiling. This can enhance the clinical translatability of a study and reduce
late-stage failures during novel drug development. Similarly, shifts in MMLCso could be
leveraged to identify which assays, and therefore which cellular perturbations, could be
optimized in a study. MMLCso metrics could also serve as more representative measures
of lethality for pharmacological agents in vitro. LCs from in vivo studies measure potency
of a drug by determining the probability that a treatment will induce death in an organism,
whereas, researchers and industry may require more detailed information regarding the
type of death a cell experiences after treatment. This information can be provided by
multimodal approaches like the MMLCso. The proposed analytical framework could also
be implemented in a FPM-HTS study using patient-derived tumor cultures to help select
patient-specific therapies. Both LME and PCA outputs are capable of distinguishing
between compound treatment effectiveness; therefore, they can effectively eliminate

nonresponsive treatments from a larger screen.

3.5 Conclusion

The overall goal of this aim was to collect and analyze multi-assay data. Every
combination of microtissue culture, treatment, and assay was tested using previously
determined LCs to produce the multimodal dataset. We proposed the implementation of
two multivariate statistical approaches including LME regression fits and PCA to extract
relevant information regarding multiple mechanisms of cellular injury. Both approaches
provided quantifiable assessments of inter- and intra-assay responses to various treatments

through LME regressions slopes, PCA loadings, and the newly developed MMLCso metric.
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Ultimately, the proposed approach will allow researchers to answer hypothesis driven
questions stemming from multimodal cytotoxicity data that could not be previously
accomplished using standard approaches. Furthermore, the multi-assay data collected here
was crucial for the next aim which required the correlation of OCT data to “gold standard”

assays.
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CHAPTER 4: OPTICAL COHERENCE

TOMOGRAPHY VIABILITY IMAGING &

MODELING

4.1 Introduction

4.1.1 Optical Coherence Tomography

Optical coherence tomography (OCT) is a noninvasive and label-free imaging
modality that utilizes low-coherence interferometry to generate cross-sectional images of
a sample.! The OCT signal originates from a low coherence light source, such as a
superluminescent diode, which is split into the sample and reference arms. Light traveling
through the reference arm is reflected off a mirror and redirected to a detector. The light
traveling through the sample arm interacts with a specimen, and the backscattered light
travels back to the same detector. The light from both arms interacts at the detector to create
an interference pattern which creates the OCT signal. Due to the low coherence properties
of the source light, the OCT signal rapidly deteriorates when the light between the two
arms are mismatched.' This feature of OCT provides optical sectioning capabilities, similar
to a pinhole found in confocal microscopes, and is influenced by the coherence length of

the light source.! OCT’s axial resolution is determined by the coherence length of light,
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while the lateral resolution is determined by the objective lens. Traditional OCT systems
relied on scanning the reference mirror position and simultaneously recording the
amplitude of the interferometric signal to produce 3D images; however, spectral domain
OCT (SD-OCT) synchronously obtains a depth-resolved signal without the need for depth
scanning.? As a result, SD-OCT utilizes a fixed reference arm that is positioned at the
appropriate distance relative to the image’s focal plane, and multiple line scans (i.e., B-
scan) collect spectral interference data from the sample.>3 A Fourier transform is then used
to reconstruct the depth-encoded spectral OCT signal collected by the spectrometer for
every x-y position (i.e., A-scan).?> Figure 18 describes a typical SD-OCT system setup and
data extraction.’ Overall, this improves SD-OCT image acquisition time by a factor of 50
or more without losing sensitivity.? OCT has been used for a variety of clinical applications

including ophthalmology, dermatology, and oncology.**
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Figure 18. The optical setup of the spectral domain OCT system can be seen in the top panel. Light from a
broad-band light source is split into a reference and sample arm. The light’s spectral properties are then
measured using a diffractive element and spectrometer. The spectral interference signal is then reconstructed
into an A-scan using a Fourier transform. Adapted from Aumann S., et al., 2019.
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4.1.2 OCT Viability Imaging for FPM

OCT imaging provides a promising approach for measuring cell viability in high-
throughput applications like functional precision medicine (FPM). Unlike traditional
assays, OCT does not require the addition of exogenous reagents or dyes to produce a
signal. This allows OCT to overcome many challenges associated with current “gold
standard” assays including reagent cytotoxicity, diffusion/penetration limitations, and
photobleaching. As a result, OCT can provide truly longitudinal measurements from the
same sample. This is particularly advantageous for FPM since patient biopsy sizes can be
limited.”® Longitudinal assessments of viability from the same samples may also reveal
important temporal dynamics including the gradual development of chemoresistance in
patient tumors. If a patient begins to experience chemoresistance, a doctor could utilize the
FPM-OCT screen to empirically test the efficacy of multiple second-line therapies in
parallel and determine which therapeutic intervention should be administered to the patient.
Another advantage of OCT imaging involves its millimeter penetration depth.’ This
enables the OCT imaging system to provide assessments of viability throughout the 3D
culture; moreover, it provides spatially relevant information regarding the effects of
nutrient gradients and metabolic zones on treatment efficacy. Extracting viability
information from the entire 3D culture provides additional safeguards against sampling
bias and collecting information from surface regions alone. Finally, many metrics can be
extracted from OCT viability imaging. Previous studies have investigated the effects of cell
death on multiple OCT metrics; however, more experiments are needed to validate the

biological mechanisms associated with the changes in OCT metrics. If successful, the
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multimodal outputs from OCT imaging may predict various biological pathways of cell

death.

Current state-of-the-art, high-content screening systems involve widefield
fluorescence or confocal imaging. We compared a study conducted by Sirenko et al. which
utilized multiparametric assessments of viability to our proposed OCT HTS experimental
design. The study analyzed the cytotoxic effects of 54 compounds using confocal imaging
and standard assays using ethidium homodimer and calcein AM staining (similar to the
Live/Dead assay), CellEvent Caspase 3/7 assay (similar to the Caspase-Glo 3/7 3D), and a
mitochondrial toxicity assay MitoTracker Orange.'® For fluorescence imaging, the
confocal microscope was used to capture the bottom 100-120 um region of the spheroids,
and images were converted to 2D projections. OCT viability imaging, if successfully
implemented, would provide substantial improvements to data collection and throughput
to the study design. First, the study conducted each assay independently which
substantially increased the sample size and resources required for completion. OCT multi-
metric outputs would potentially extract all relevant cytotoxicity data from multiple cell
death pathways using the same sample. OCT would also circumvent the need to purchase,
incubate, and store multiple assay reagents. This has nontrivial impacts when scalability is
required, and resource demands become more critical. Second, the Sirenko et al. study
acquired Z-stack images from 100-120 um depths which would have excluded relevant
data from the spheroids’ deeper regions, whereas OCT imaging would be able to
completely resolve the 3D tissue. The data from 3D images was further processed into 2D
projections which eliminated any spatially relevant information. Meanwhile, analysis on

3D OCT images may provide an opportunity to study region-specific changes to all metrics.
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Overall, OCT-based HTS approaches overcome many technological and logistical

challenges that affect conventional fluorescence imaging systems.

4.1.3 OCT Metrics

For this aim, we developed and validated the response from 77 OCT metrics and
their derivates. The goal was to correlate the change in relevant OCT metrics to four “gold
standard” assays. This would allow us to generate a prediction model from the OCT metrics
that could then be used to quantify changes to cellular viability. The proposed framework
provided a proof-of-concept example, but it will require future iterations and refinements
to improve its accuracy and feasibility. A detailed list of OCT metrics used in the study can

be referenced in the Appendix (App. A3).
Spheroid Geometry

The effect of cell viability on culture geometry has been reported from multiple
studies that revealed dose-dependent changes to spheroid sphericity and bulk morphology
with increased cell death.!'!!?> Measurements pertaining to spheroid geometry can be
derived from the 3D binarized images extracted from OCT. Volume, surface area, the ratio
between surface area and volume, and the sphericity of spheroids were extrapolated from
binarized 3D OCT images. It was hypothesized that spheroid geometry would be most
sensitive to changes in cell morphology. Cellular swelling due to necrotic or necroptotic
cell death and cytoplasmic condensation due to apoptosis have the potential to make the
overall spheroid size increase or decrease, respectively. Unhealthy cells may also lose their
ability to maintain cell-cell adhesions which could result in the disaggregation of a spheroid

and increase its perceived volume.
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Intensity and Decorrelation

Backscattered light intensity is the fundamental output from OCT imaging which
provides information regarding the reflectivity of the sample. Previous studies have
identified that intracellular organelles including the mitochondria and nuclei contribute
significantly to the optical scattering properties of cells.”*'® The involvement of
mitochondrial disruption to multiple cell death pathways through outer membrane
permeabilization and transition pore formation may highlight its ability to change the
overall scattering profile of cells following injury. Similarly, apoptotic condensation of
DNA could produce changes in scattering profiles. Intensity amplitude and area under the
curve was shown to significantly change in myeloid leukemia cell pellets treated with
cisplatin, colchicine, and growth factor withdrawal.!” Intensity metrics can be further
analyzed by measuring time-dependent changes in signal fluctuations. These metrics
include speckle variation, signal decorrelation, and standard deviation of the intensity
signal. Multiple studies have reported dose-dependent changes to intensity fluctuations

across multiple tissue culture types and treatments. !

Optical Scattering Attenuation

It is well established that 3D cultures generate nutrient gradients along their depths;
therefore, spatial differences in viability may exist in larger tissues.’>?* The optical
attenuation coefficient is a metric that measures depth-dependent changes to the light
scattering properties of the tissue. Changes in cellular morphology, organelle light
scattering, and cell density may be detected through changes to the scattering coefficient.

Notably, a previous study found that the scattering attenuation increased in the presence of
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the necrotic core.?* However, another study found that necrotic cell death induced by
ethanol treatment resulted in a decrease in average attenuation, while apoptosis induced by
colchicine treatment resulted in an initial increase then decrease in attenuation as secondary
necrosis began to manifest.”> Furthermore, previous work in our lab has led to the
development of improved attenuation coefficient metrics that increase overall accuracy to
99% from 65% compared to traditional calculation methods.?® Both traditional and depth-

resolved attenuation coefficient metrics were included in this study.
Dynamic Light Scattering Metrics

Many OCT metrics, including the ones described above, may vary in their
reproducibility due to inherent differences across OCT systems and fluctuations in signal
strength.>’?° The diffusion coefficient has been introduced as a robust metric for the
measurement of intracellular motility. Dynamic light scattering OCT (DLS-OCT) image
processing involves applying the autocorrelation function to the OCT signal to quantify the
translational and diffusive motions of particles within a voxel. This approach enables the
creation of 3D maps which provides visual information regarding the motion of particles
in standard units of um?/s.’® DLS-OCT extracts other informative metrics including the
ratio of static, entering, and exiting particles. The ability to model different particle
dynamics simultaneously ensures that the diffusion coefficient can be measured reliably in
a voxel with mixed dynamics. DLS-OCT does not require normalization and metrics that

are calculated in standard units of um?/s can be compared directly across imaging systems.
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4.1.4 OCT Viability Prediction Models

The goal of the third aim was to characterize the OCT metrics and correlate them
to “gold standard” viability assays. OCT metrics that were highly correlated with assay
outputs were expected to share sensitivity to the same cellular injury. For example, OCT
metrics that were highly correlated with the CellTiter-Glo 3D assay output were expected
to predict changes to the metabolic health of cells. Similarly, OCT metrics that were
correlated with the Live/Dead, Caspase-Glo 3/7 3D, and Click-iT EdU assays were
expected to predict changes to membrane integrity, apoptosis, and proliferation,
respectively. As a proof-of-concept, a subset of OCT and assay data was analyzed to create
a prediction model. The analytical framework proposed here can be readily scaled to all
datasets for in-depth data interpretation. In brief, pairwise correlations between OCT
metrics and assay outputs were assessed using simple linear regressions. Linear regressions
provided a relatively easy and interpretable approach to identify which OCT metrics were
best suited for predicting assay outcomes. OCT metrics with statistically significant
regressions were passed to the next analytical step which involved structural equation

modeling (SEM).

SEM is a multivariate approach that combines features from factor analysis and
multiple regressions into a single framework that is visually interpretable.! SEM tests a
priori assumptions regarding the relationship between manifest and latent variables.
Manifest variables as experimentally observed datasets (i.e., assay and OCT metrics) while
latent variables correspond to hypothetical constructs or explanatory factors that cannot be

directly measured.? A key assumption for the implementation of SEM involved defining

94



cell viability as a complex construct with no single, definitive measurement. SEM was then
implemented to generate a model by fitting and subsequently trimming nonsignificant
pathways. The ultimate goal was to generate a final model that is theoretically sound,
reasonably parsimonious, and fits the corresponding data.?? A path diagram representing a
SEM measurement model can be seen in Figure 19. SEM models that follow this structure

can be modeled mathematically using Equation 10
Equation 10 x=1,+A,{+ 4

where x is the vector of x variables (X1, X2, X3), Tx 1s the vector of intercepts for each x
variable, Ay is the matrix of loadings corresponding to the latent variable (A1, A2, A3), & is
the latent variable, 9 is the vector of residual errors (61 62 63). In Figure 10, the variances

are shown as 0 for the x variables and ¢ for the latent variable.
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Figure 19. An example structural equation model path diagram with mixed manifest variables (shown in
rectangles) and latent variable (shown in circles). Unidirectional arrows signify a causal path while
bidirectional arrows represent variance. The & represents the exogenous latent variable that affects the
manifest variables (X1, X2, X3). The 3 terms represent the residual error of the manifest variables. The 6 and ¢
terms represent the variance of each manifest and latent variable, respectively. Adapted from UCLA:
Statistical Consulting Group.
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4.2 Methods

4.2.1 Cell Culture and Three-Dimensional Microtissue Formation

For the purposes of this study, only HepG2 microtissues were analyzed. Detailed
methods and protocols used to culture, passage, and maintain the HepG2 microtissues were
provided in Section 2.2.1: Cell Culture. Methods describing the generation of the agarose
96-microwell arrays and the seeding of the three-dimensional microtissues were provided

in Section 2.2.2: Three-Dimensional Microtissue Culture.

4.2.2 Compound Treatment

Treatment stock and working solutions were generated using similar methods
described in detail in Section 2.2.3: Compound Treatment; however, serial dilutions were
not implemented to induce cellular perturbations for this study aim. Instead, the
precalculated lethal concentrations (LCs) that elicited 25, 50, and 75 percent cell death
from the “best fit” assay-treatment pairs were utilized for OCT imaging. In some instances,
LC values could not be achieved using predetermined solubility and media displacement
guidelines described in a previous chapter. Treatment LCs that were unachievable were
excluded from the study. A summary table of all LCs used in this aim can be referenced in
the Appendix (App. Al). All treatments involved 24 hours of exposure prior to OCT

imaging.
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4.2.3 “Gold Standard” Assay Data

All multi-assay data used in this aim were generated from experiments described
in the previous chapter. Detailed methods explaining the assay protocols and image

analysis used to extract all assay outputs were provided in Sections 2.2.4 through 2.2.8.

4.2.4 Optical Coherence Tomography Imaging

Optical Coherence Tomography System

All OCT imaging was acquired using a commercially available Telesto III SD-OCT
system (Thorlabs). Custom LabVIEW software was used to control the OCT system. A
near-infrared, noncoherent superluminescent diode with a center wavelength of 1310 nm
and bandwidth of 170 nm was used as the light source. The coherence length of the light
enabled a high axial resolution of 3.5 um in air. The SD-OCT system was coupled with a
widefield objective lens with a spot size of ~20 um (LSMO3, Thorlabs) and a 2048-pixel
line-scan camera capable of 147,000 A-scans/s. Agarose microwell arrays containing the
microtissues were placed in glass-bottom, 24-well plates (P24-1.5H-N, Cellvis) with 1 mL
of media prior to imaging. To maintain homeostatic conditions while imaging, the well
plate was placed inside a custom miniature incubator that maintained 37°C and 5% CO:a.
The custom incubator was secured above the OCT probe, and the microtissues were imaged

from the bottom-up through a window in the custom incubator.

Imaging Protocols

A total of three image acquisitions were collected for each condition. The first

involved acquiring the DLS-OCT data metrics. DLS scanning protocols required fast
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acquisition rates which were achieved by repetitive B-scans centered over the imaging field
of view. A 128 x-pixel line scan was repetitively acquired 256 times with a speed of ~3.5
ms per scan. This scan was repeated for 256 y-positions with a pixel size of 10 pum. Due to
the size constraints needed to maintain imaging speed, approximately 10 microtissues were
captured per image. The second scan was acquired using a larger field of view which
covered 512 x 512 x 512 pixels (x,y,z) with a lateral pixel size of 10 um. A total of four B-
scans were captured with a rate of 10 ms per scan. A total of four image volumes were
acquired and later used for volume averaging. This scanning protocol captured 50-60
microtissues per image. A third and final scan was acquired using identical parameters from
the second scan except that the focal plane was axially translated by 100 um. This was
necessary for the derivation of the confocal-corrected scattering attenuation coefficient

described in Stefan et al., 2018.

Image Processing and Metric Extraction

OCT image reconstruction was accomplished using custom MATLAB
(MathWorks) software. Image enhancements such as median filtering, motion correction,
dispersion compensation, interpolation, and volume averaging were utilized to improve
overall image quality and resolution. First, individual microtissues were segmented using
a semi-automated processing pipeline. In brief, the reconstructed grayscale intensity maps
were binarized and image artifacts were removed based on size and morphology. Individual
microtissues were segmented and selected for further analysis. Geometric parameters were
extracted from the binarized images. The volume of a microtissue could be determined by
summing all voxels within the microtissue and multiplying by the volume of one voxel.

Similarly, the surface area of a microtissue could be determined by extrapolating the edge
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voxel count to total surface pixels and multiplying by the area of one pixel. Since
microtissues assumed spherical structures, the AVR was calculated as the ratio between the
surface area and volume of a sphere. The surface roughness (SR), or sphericity, is a better

metric that adjusts for changes in spheroid size and was calculated by Equation 11
Equation 11 SR = (SA/4m)Y2/(3V /4m)1/3

where SR is the surface roughness, SA is the surface area, and V is the volume of the
microtissue. Values closer to 1.0 signify a perfectly smooth sphere, and larger values
indicate a rougher surface. Intensity metrics were extracted from the interference spectrum
from both sample and reference arms at the spectrometer. The time-dependent intensity
component of the signal was isolated, and an inverse Fourier transform was used to
determine the complex-valued field reflectivity. Finally, the absolute value of the squared
field reflectivity was used to obtain the final intensity measurement for each voxel. The
decorrelation was derived from the field reflectivity equation using two time points (e.g.,

10 ms) in Equation 12
Equation 12 D = |R(t, + At) — ﬁ(t0)|2

where D is the decorrelation, R is the field reflectivity as a function of time (t).
Decorrelation is a relative metric that is dependent on the intensity of the image; therefore,

we decoupled the two by calculating the normalized decorrelation using Equation 13

Equation13 D? =2

norm P

where Dnorm is the power-normalized decorrelation, D is the raw decorrelation, and I is the

intensity raised to the power p (values of p ranged from 1-4). Additional metrics were
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extracted from fitting the data to the autocorrelation function and included the decay,
absolute value of the doppler-derived particle motion, complex shift, noise-adjusted decay,
and noise-adjusted complex shift (App. A3). The optical attenuation coefficient (OAC) was
extracted following methods described in another study.** Confocal-corrected OAC was
derived using methods explained in Sabina et al.?® Depth-resolved OAC measured the
change in attenuation at each voxel using different methods developed by computer
simulation (data not shown). Data from the DLS-OCT scanning protocols was processed
using methods described in more detail in Lee et al.*° In brief, the autocorrelation function
can be modeled to extract the ratio of static, flowing, and exiting particles in a voxel. In
addition, the diffusion coefficient can be extracted as a robust metric of particle motions
within a voxel. A complete list of OCT metrics tested can be referenced in the Appendix

(App. A3).

4.2.5 Pilot Study Experimental Design

Prior to collecting OCT data from the seven treatments, a preliminary OCT pilot
study was conducted on HepG2, MCF7, and -cortical microtissues. Oxidative
phosphorylation was inhibited using oligomycin A in MCF7 and cortical microtissues
(concentrations of 1, 5, and 10 uM) for 0, 12, and 24-hour exposure periods. Membrane
disruption was induced in HepG2 and cortical microtissues using ethanol treatment
(concentrations of 1.7 M, 3.4 M, and 5.1 M) for 1 hour in 15-minute intervals. Finally,
microtubules were over stabilized in MCF7 microtissues using paclitaxel (0.03, 0.3, and 3
uM) for 0, 12, and 24-hour exposure periods. OCT metrics were then fitted to a linear

regression to create dose-response curves (metrics can be referenced in the Appendix A3).
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The dose-response curves were generated for each concentration separately with exposure
time on the x-axis. The slope from each dose-response curve was extrapolated and plotted
as a function of increasing concentration. This metric was defined as the responsivity with
units of %/dose/time. Region-specific segmentation was calculated based on each voxel’s
shortest distance to the microtissue surface. This allowed us to define the core, body, and
shell regions to have volume fractions of 1/8, 3/8, and 4/8, respectively. For the pilot study,
we only compared OCT metrics for the core and body regions. Data collection and analysis
for the pilot data was accomplished in collaboration with Adrian Bico Sc.M., Madison Woo

Sc.M., and Ramisa Fariha Ph.D.

4.2.6 Linear Regressions and Structural Equation Modeling

Multi-metric OCT data as well as “gold standard” assay data from the CellTiter-
Glo 3D, Live/Dead, Caspase-Glo 3/7 3D, and EdU proliferation assays were collected
using the previously determined LC values (App. Al). Only HepG2 microtissue data at 24-
hour exposure periods were used for further analysis. Sample sizes for each LC condition
from OCT, DLS-OCT, and standard assay datasets ranged from n = 30, <10, and 16,
respectively. All data was collected from a single experimental replicate for this proof-of-
concept application. Data analysis was conducted using Python programming language and
involved analyzing data from each compound treatment separately. Data preprocessing first
involved a simple bootstrapping approach to impute missing data values to produce a single
dataset with n = 30 entries per group for every metric and assay. Bootstrapping involved
randomly sampling 2000 data points from the group (i.e., data belonging to the same LC

and output) with repetition and averaging them to create a new single entry. This process
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was repeated for each missing value. Assay outputs were then normalized to their vehicle
controls except for caspase assay data which was normalized using Equation 7. In addition,
all OCT metrics were standardized to extract their z-scores. Next, multicollinearity was
addressed by calculating the variance inflation factor (VIF) for all OCT metrics. VIF
estimation of multicollinearity is a robust and effective approach for regression analysis.>*
OCT metrics with a VIF greater than five were deemed to be highly correlated.* The code
iteratively excluded one OCT metric with the highest VIF score until all metrics had scores
less than five. The remaining OCT metrics were fit to each assay output using a simple
linear regression. Regression slopes, R? values, mean squared error (MSE), and p-values
were determined for each fit. Metrics with significant regression fits (p < 0.05) were then
passed to the SEM builder in python (semopy). This step was crucial since SEM required
prior knowledge of which OCT metrics could predict assay outcomes. Initial SEM structure
involved one exogenous latent variable which was defined as “cell viability.” Next, loading

paths were made from “cell viability” to each assay. In semopy syntax, this could be written

as the following:
Viability = ~ ATP + LiveDead + Caspase + EdU

Next, the code added relationships between each assay and the OCT metrics that passed

the regression analysis using the following syntax:
SEM Model+= OCT Metric ~ Assay

SEM then calculated the regression loadings, variances, covariances, and p-values for each

path. SEM models were then transferred to JMP Pro 17 which allowed for the interactive
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trimming of paths with insignificant p-values. This process was repeated for each treatment

separately to generate a total of seven unique SEM path diagrams.

4.3 Results

4.3.1 Pilot Study Outcomes

A preliminary study was conducted to determine the feasibility of OCT-based
viability imaging in HepG2, MCF7, and cortical microtissues using oligomycin A, ethanol,
and paclitaxel treatment. The responsivity, which was defined by units of %
change/concentration/time, was extracted for all OCT metrics. Only metrics with robust
responsivities were reported in Table 3. The selection criteria for the most robust metrics
included whether the data had no significant time-dependent changes in the control group
(p > 0.001) and no significant differences between treatment and control groups at time
zero (p > 0.001). Data that met these two criteria were considered “canonical” while data

that did not meet these criteria were deemed “noncanonical” (NC). Among canonical data,

Table 3. The table summarizes the most robust OCT metrics for the three microtissue types after treatment
with oligomycin A, ethanol, and paclitaxel. Metrics were reported in units of %/dose/time. Values to the left
of a forward slash “/” are from the spheroid body and values after it are from the core. TBI: to be investigated,
NS: not significant, NC: not canonical, C2C: cell-to-cell adhesion, OAC: optical attenuation coefficient,
coeft: coefficient, CV: coefficient of variation, DLS: dynamic light scattering. * Surface roughness values
are reported for the entire spheroid. Reprinted from the submitted NCI RO1 application.

Known Disruption to: Metabolic viability Membrane integrity Cytoskeleton
Hypothesized Treatment: Oligomycin Ethanol Paclitaxel
disruption to Cell type: Neuro MCF7 Neuro HepG2 MCF7
\4 ¥ Metrics N=315 N=1073 N=2015 N=808 N=1983
Metabolic Diffusion coeff. -2.7/ NS NC NC NS NC
viability Intensity CV 7.8/4.5 NS NC NC NS
(TBI) OAC CV 6.5/5.3 NS NS NC NS
DLS statics ratio CV NS 6.1/11 NS NS NS
Membrane Diffusion coeff. CV NS NS -13 /NS NS NS
integrity Decorrel. CV NS NS -5.1/-4.2 NC NS
(TBI) Normalized decorrel. CV NS NC NC 6.4/4.3 NS
Cytoskeleton |OAC NS NS NS NS -41/-36
C2C adhesion |Surface roughness* 0.7 1.4 0.6 3.7 0.8
Responsivity unit:| (%/uM/day)  (%/uM/day) (%/M/hour) (%/M/hour) (%/uM/day)
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metrics without a significant interaction term (i.e., dose * time) were categorized as
“nonsignificant” (NS) (p > 0.05). The hypothesized biological perturbation responsible for
the changes in each canonical OCT output was listed as well. This analysis was repeated

for each microtissue’s body and core regions, and a total of 6194 spheroids were analyzed.

Results from the pilot study revealed that different microtissues elicited robust
responses from unique sets of OCT metrics despite receiving the same treatments. This can
be confirmed since each metric elicited a robust response once for every row (in bold, Table
3). The exception for this was surface roughness which elicited a robust response across
all treatments and microtissue types. Furthermore, the results showed that each cellular
perturbation elicited at least one robust response (i.e., all columns have at least one entry).
The diffusion coefficient and its coefficient of variation (CV) were the only metrics with a
canonical response in the body but not the core (Table 3). Metric responsivities were
generally higher in the body compared to the core regions as well, except for the DLS

statics ratio CV which was higher in the core in oligomycin A treated MCF7 microtissues.

4.3.2 Linear Regression Analysis

Prior to linear regression analysis, OCT metrics with high multicollinearity were
excluded to improve the reliability of the regression fit (i.e., VIF > 5). The resulting metrics
and their final VIF scores were reported in the Appendix (App. A4). These metrics were
then correlated to each assay using a simple linear regression (Table 4). Only regression
fits with R? values greater than 0.25 and statistically significant p-values (p < 0.05) were
reported. In addition, the regression analyses were grouped based on similar biological

perturbations for easier comparison.
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Table 4. Table summarizing the linear regression fits. Only statistically significant fits (p < 0.05) with R?
values greater than 0.25 were reported. Treatments that elicited similar biological perturbations were grouped

together.

2DG
Assay Predictor Slope | R”2 MSE
ATP Ms -0.22 0.55 0.04
ATP NormDecSD4 | 0.20 0.48 0.04
Caspase | NormDecSD4 | -0.21 0.45 0.05
EdU Ms -0.19 0.48 0.04
EdU NormDecSD4 | 0.15 0.32 0.05
Oligomycin A
Assay Predictor Slope | R”2 MSE
ATP DROAC4CV | -0.28 0.58 0.06
ATP Ms 0.25 0.45 0.08
ATP DopplerAbsSD | -0.22 0.34 0.09
ATP OAC CV -0.21 0.32 0.09
Caspase | DROAC3SD | -0.14 0.25 0.06
EdU DROAC4CV | -0.31 0.60 0.07
EdU Ms 0.28 0.48 0.09
EdU DopplerAbsSD | -0.23 0.33 0.11
EdU OAC CV -0.21 0.28 0.12
LiveDead| DROACA4CV | -0.03 0.31 0.00
Cisplatin
Assay Predictor Slope | R”2 MSE
Caspase | DopplerAbsCV | 0.79 0.29 1.55
EdU DopplerAbsCV | 0.24 0.44 0.07
EdU DROACcc1CV | -0.18 0.26 0.10
LiveDead | DopplerAbsCV | 0.03 0.29 | <0.01
Melphalan
Assay Predictor Slope | R”2 MSE
Caspase D SD 0.11 0.32 0.03
Caspase Ms 0.11 0.32 0.03
EdU Ms 0.32 0.78 0.03
EdU D SD 0.23 0.40 0.08
EdU DROACcc1SD | -0.22 0.34 0.09
LiveDead Ms 0.08 0.44 0.01
LiveDead D SD 0.08 0.40 0.01
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Triton X-100

Assay Predictor Slope | R”2 MSE
ATP DROACcc3CV | -0.30 0.51 0.09
ATP SR -0.30 0.50 0.09
ATP DROAC4CV | -0.26 0.40 0.11
ATP Shift2 -0.24 0.32 0.12
ATP Decay2SD -0.22 0.27 0.13
Caspase | DROACcc3CV | -0.72 0.39 0.83
Caspase Shift2 -0.69 0.35 0.87
Caspase SR -0.65 0.31 0.92
EdU Shift2 -0.16 0.31 0.06
EdU SR -0.16 0.31 0.06
EdU DROACcc3CV | -0.16 0.30 0.06
EdU DROAC4CV | -0.15 0.28 0.06
LiveDead SR -0.16 0.45 0.03
LiveDead AVR 0.13 0.30 0.04
LiveDead | DROACcc3CV | -0.13 0.29 0.04
Melittin
Assay Predictor Slope | R”2 MSE
ATP DROACcc4SD | -0.21 0.45 0.06
ATP DROACcc3CV | -0.21 0.42 0.06
ATP Decorrelation | -0.20 0.38 0.06
ATP DROAC4CV | -0.19 0.35 0.07
ATP DopplerAbsSD | 0.17 0.27 0.08
ATP DROACcc3 -0.17 0.27 0.08
Caspase | Decorrelation | 0.19 0.45 0.04
Caspase | DopplerAbsSD | -0.18 0.43 0.04
Caspase | DROACcc3 0.17 0.37 0.05
Caspase | DROACcc4SD | 0.16 0.35 0.05
Caspase | DROACcc3CV | 0.15 0.29 0.05
LiveDead | Decorrelation | -0.18 0.51 0.03
LiveDead | DROACcc4SD | -0.18 0.50 0.03
LiveDead| DROACcc3 -0.16 0.37 0.04
LiveDead | DROACcc3CV | -0.15 0.34 0.04
LiveDead| DROAC4CV | -0.14 0.30 0.05
LiveDead | DopplerAbsSD | 0.14 0.28 0.05
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Paclitaxel
Assay Predictor Slope | R”2 MSE
ATP Mf -0.08 | 0.34 0.01
EdU Mf 0.22 0.39 0.07
EdU DROACcc3 -0.19 | 0.28 0.09
EdU D 0.18 0.26 0.09
EdU OAC _CV -0.18 | 0.26 0.09
EdU AVR 0.18 0.25 0.09

Visual inspection across the treatment groups revealed no clear overlap in the predictive
ability of OCT metrics across assays. The metabolic inhibitors 2DG and oligomycin A did
not elicit a strong assay-predictor response with the largest slope magnitude belonging to
the EdU-DROAC4CV combination (slope = -0.31, R? = 0.60). Cisplatin produced the
largest response among alkylating agents, which produced a slope of 0.79 and R? of 0.29
for the caspase-DopplerAbsCV combination. Among the membrane disrupting agents, the
Triton X-100 treatment contained the largest response with a slope of -0.72 and R? of 0.39
for the caspase-DROACcc3CV combination. Finally, the largest response in the paclitaxel
treatment group was reported from the EQU-Mf combination with a slope of 0.22 and R?
of 0.39. All the OCT metrics reported in Table 4 had statistically significant fits and were

utilized for the next analytical step involving SEM.

4.3.3 Structural Equation Modeling

Initial SEMs were constructed on OCT metrics listed in Table 4. Nonsignificant
paths were trimmed, and the SEM was rerun. Final path diagrams for each treatment
condition were graphed (App. AS). Ultimately, predictor and outcome effects were

calculated for all variables with causal relationships (i.e., connected variables). These
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results were reported as parameter estimates with an associated Wald test z-statistic which
determined statistical significance (z < 0.05). Larger estimates imply larger effects, and
positive or negative values indicate the directionality of the relationship. Notably,
oligomycin A and cisplatin models did not produce significant paths between OCT metrics
and the Live/Dead assay (App. A6). In addition, the paclitaxel model did not produce a
significant path with the caspase assay (App. A6). Indirect effects between the latent
variable “cell viability” and the OCT metrics were also estimated. Among all treatments,
melphalan produced the indirect estimates with the greatest magnitudes including Ms,
D SD, DROACcc1SD, and Decay2SD with values of 17.0, 15.2, -11.28, and -9.0,
respectively. The remainder of the SEM estimate magnitudes were under four. Both direct
and indirect effects were summarized in tables found in the Appendix (App. A6).
Assessments of model fit included the comparative fit index (CFI) and root mean square

error of approximation (RMSEA), and they were determined for each SEM fit (Table 5).

Table 5. Comparative fit index (CFI) and root mean square error of approximation (RMSEA) for structural
model equations built from data testing seven different treatments in HepG2 spheroids (columns). 2DG: 2-
Deoxy-D-glucose, Oli: oligomycin A, Tri: Triton X-100, Mel: melittin, Cis: cisplatin, Mef: melphalan, Pac:
paclitaxel.

2DG Oli Tri Mel Cis Mef Pac
CFI 0.646 0.790 0.646 0.615 0.480 0.702 0.671
RMSEA 0.162 0.213 0.227 0.204 0.200 0.167 0.182

4.4 Discussion

In this study, an analytical framework was proposed to characterize and model OCT

viability metrics with “gold standard” assays. Initial results from the pilot study suggested
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that OCT metrics were both sensitive and specific to the type of biological perturbation
induced. This was confirmed since every perturbation caused by either oligomycin A,
ethanol, or paclitaxel treatment elicited a statistically significant response to at least one
OCT metric for every microtissue type (Table 3). Furthermore, every OCT metric output
was uniquely significant to a single perturbation, even when two different microtissue types
were treated with the same compound, except for surface roughness (Table 3). This
observation may be due to the presence of different cell death mechanism elicited by each
microtissue; however, no cell viability assays were used to confirm cell death. It is therefore
possible that the significant changes in OCT responsivity may be due to cellular reactions
to the treatment that may not result in cell death. Further characterization of the OCT
metrics using viability assays would be required prior to making biological interpretations.
Nevertheless, both sensitivity and specificity are necessary requirements of a robust
viability assay. An assay that is not sensitive would fail to capture changes to viability (false
negative) while a nonspecific assay may inaccurately associate unrelated cellular events to
cell death (false positive). The nonspecific nature of the surface roughness metric may be
due to its overlapping contribution to a variety of cell death pathways or responses. Another
finding from the preliminary experiment involved the differences in OCT metric
responsivity between the core and body regions. The elevated metrics in the body region
relative to the core coincided with our hypothesis that diffusion gradients could impact the
pharmacological efficacy of a treatment.’>?* This is due to a decrease in treatment
bioavailability in deeper tissue regions. Other factors like pH, O2 levels, and metabolic
profiles could also exert some influence on treatment efficacy.?®> Overall, the pilot study

findings supported our OCT-based viability imaging approach.
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Many OCT metrics were calculated and derived from the three scanning protocols
implemented in this study. Metrics that broadly relate to the same fundamental output (i.e.,
decorrelation, normalized decorrelation, and their CV) could introduce multicollinearity in
our dataset. Inadequately addressed multicollinearity can lead to increased variance and
standard error in the regression analyses.*®> VIF adjustments were implemented to redefine
our OCT predictor variables for more accurate fitting. The table from Appendix 4 showed
that most OCT metrics experienced some interdependence. The threshold selected for this
study was based on literature recommendations;** however, its value could be reduced to
generate a more conservative list of OCT predictors. One notable challenge associated with
the VIF removal of OCT metrics involves the inconsistent selection of parameters across
datasets from different treatments. Ultimately, it may be beneficial for the analytical
framework to comprehensively assess the multicollinearity of metrics across experiments

for improved reliability and repeatability.

After data preprocessing, simple linear regressions were used to generate lines of
best fit for each OCT metrics and assay. We have previously stated that linear mixed effects
(LME) models are more robust implementations of linear regressions; however, we were
unable to implement it effectively due to the limited number of experimental replicates.
Future implementations of this framework would greatly benefit from utilizing the LME
model to account for random errors. LME models are also robust against violations to their
statistical assumptions (e.g., normality, linearity, and absence of outliers) which would
greatly improve the reliability of the regression significance testing.*® This is particularly
important since thresholding the p-value served as a method to identify the best predictors

for the SEM model. Implementing LME models may also improve the slopes, R?, and MSE
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derived from each fit. The majority of R? values fell below the moderate benchmark of 0.5
which may suggest that most OCT metrics were not able to capture changes in cell viability
assay data with high fidelity. Nevertheless, the exact slopes and R? from this step in the
framework were not crucial for the formation of the prediction model; rather, they served
as checkpoint markers to predetermine which assays and OCT metrics were of interest. For
example, the Mf metric carried the highest slope and R? values for the paclitaxel treatment
group (Table 4). Further down the analysis pipeline, we see that cell viability had the largest
impact on Mf among the indirect effects (App A6). Similar trends can be observed by

comparing OCT metric slopes in Table 4 and cell viability effects in Appendix 6.

The final step in the proposed framework culminated in the generation of SEM fits
and path diagrams. Path diagrams provided a visual representation of the multivariate
model with opportunities to identify the interrelations between OCT metrics and multiple
assay outputs (App. AS). SEM loadings, which are also displayed on the path diagrams,
provide additional information regarding the multivariate model. First, the sign of the
loadings between “cell viability” and each assay indicates the directionality of the
relationship. The directionality imposed by the SEM matched those in both LME
regression models and PCA loadings for HepG2 microtissues (App. AS, A6, Figs 12 and
17). Second, the magnitude of a loading corresponds to the degree of association between
a factor and indicator. PCA and SEM loadings were similar; however, they did not perfectly
match. This is understandable since both approaches are unique in their theory and
application. The SEM approach also enabled for the indirect correlation between holistic
cell viability and OCT metric predictors (App A6). Indirect effects can be calculated by

multiplying the loading along with path diagram. For instance, the loading between cell
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viability and the ATP assay can be multiplied by the loading between the ATP assay and its
OCT metric. Indirect loadings can then be summed if their relationship to cell viability
exists among multiple paths. Indirect loadings can be interpreted in the same manner as
direct loadings. Using this approach, we can generate a model of OCT metrics that correlate

and predict cell viability via multiple cell death pathways.

The SEM fits presented in this study provide a general framework for the
implementation of multivariate cell viability prediction models using both “gold standard”
assays and OCT metrics. Biological interpretation of the models in their present state may
be unreliable. One primary indication of the model fit involves assessing the CFI and
RMSEA. As a general guideline, CFI should be greater than 0.9 and RMSEA should be
less than 0.1. All SEM fits showed poor fitting and therefore should not be overinterpreted
(Table 5). This can be largely due to the small sample size used to model our equations.
SEM approaches require very large datasets for accurate modeling with N > 500, whereas
the dataset used herein had a sample size N < 120.3” As a result, improving the model fits

will heavily rely on increasing the sample size.

4.5 Conclusion

Overall, the goal of this aim was to characterize OCT imaging metrics using “gold
standard” cell viability assays. An analytical pipeline which involved linear regressions
followed by SEM provided a feasible approach to model cell viability through OCT
metrics. SEM is a powerful and flexible statistical tool that allows for the testing of causal

relationships in data. Nevertheless, this approach requires large datasets and a priori
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information regarding the structure of the data. Future experiments will involve modeling
the entire multi-assay dataset from the previous chapter alongside the associated OCT data
to validate the framework’s reproducibility across microtissue type. Furthermore, SEM
pathways can be modified to improve estimation outcomes and modeling fits; however,
these adjustments need to be logically sound and theoretically palatable. Alternative path
diagrams can be built and tested to iteratively define a more robust model in accordance
with the data at hand. Finally, SEM may be used to inform future algorithms in the analysis
pipeline which could benefit from neural networks or machine learning to improve the

predictive value of OCT viability imaging.
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CHAPTER 5: STUDY CONCLUSION

5.1 Summary

Functional precision medicine (FPM) approaches to cancer therapy involve directly
testing antitumor drugs on a patient’s tumor outside the body. This provides doctors with
empirical evidence regarding the efficacy of prospective therapies. This approach has the
potential to outperform the predictive power of genetic screens since many tumorigenic
mutation drivers are unknown or aren’t matched with a treatment. While very promising,
FPM approaches face technological challenges that make it difficult to implement in the
clinic. One major challenge with in vitro testing involves the loss of clinical relevance.
Traditional two-dimensional models force tumors to grow on planar surfaces that are not
representative of the native tissue. The changes in physiological conditions may cause the
cells to genetically drift and express altered phenotypes compared to the cells from the
original tissue. Tumor cells with altered phenotypes will respond differently to treatments
which limit their ability to predict the patient’s tumor drug response. The second major
challenge involves generating and empirically testing multiple chemotherapeutic agents
for a successful drug screen. This is logistically challenging and presents a major hurdle
for the widespread implementation of FPM. Cell viability assays that are commonly used

to assess the results from screening studies are cytotoxic, have constraints resolving thicker
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3D tissues, and only provide information regarding a limited number of biomarkers. These
barriers to implementation must be addressed prior to the successful application of FPM

approaches.

First, the recent development of 3D in vitro models has transformed the field of
tissue culture. 3D models successfully bridge the gap between complex in vivo models and
highly reproducible in vitro models. These 3D cultures can be generated readily from
patient-derived cells and successfully predict the patient’s tumor drug response. Many
platforms exist for the formation of these 3D cultures including self-assembling
microtissues which was used in this study. These microtissues do not require specialized
equipment or exogenous scaffolding proteins to promote tissue growth. The platform is
also easily scalable and allows for the simultaneous testing of 96 spheroids in a high-

throughput manner.

The second challenge, however, is not fully addressed. In this thesis, we propose
the utilization of OCT viability imaging to overcome many challenges poised by current
cell viability assays. OCT is a label-free, noninvasive, and 3D-capable imaging modality
that enables the true longitudinal assessment of a sample. Its millimeter penetration depth
makes it a versatile approach that can be implemented in free-floating or hydrogel cultures.
Previous studies have shown the feasibility of implementing OCT as a viability imaging
tool; however, the biological mechanisms that explain changes in OCT metrics are not fully
understood. Furthermore, many studies implement a limited number of metrics or tissue

culture samples which restrict the scope of their studies.
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In this thesis, we present a comprehensive and detailed workflow that entails
collecting cell viability data from optimized dose ranges (Chapter 2), extracting
multivariate and multi-modal features (Chapter 3), and correlating the “gold standard”
viability data to our OCT metrics using multivariate approaches (Chapter 4). We
implemented this experimental design by culturing 3D microtissues from HepG2 liver
cancer, MCF7 breast cancer, and primary neonatal cortical rat microtissues. We collected
cell viability data from four assays covering distinct biological injuries including the
CellTiter-Glo 3D assay, Live/Dead cytotoxicity assay, Caspase-Glo 3/7 3D assay, and the
Click-iT EdU assay. Cellular injuries were elicited via metabolic inhibition, membrane
poration, DNA damage, and cytoskeletal disruption. We then induced the same injuries to
the microtissues using pre-optimized dose concentrations and imaged them with our OCT

system.

A total of 77 OCT metrics were extracted covering a broad range of metrics
including geometric parameters, intensity, decorrelation, normalized decorrelation, optical
scattering attenuation, and diffusion coefficient. After data collection, the respective
datasets were processed through a proposed workflow (Chapter 4) that identified
prospective OCT metrics that could predict assay output. This was accomplished by
utilizing a linear regression model to identify metrics with statistically significant fits.
Next, the selected metrics were fitted using structural equation modeling (SEM). SEM
allowed us to construct a predictive model that relates cell viability (as a difficult to
measure, intangible factor) to measured assay outputs. From the assay outputs, we inferred
causal relationships to OCT metrics based on the results from the linear regressions. Initial

SEM fits were made then trimmed to maintain statistically significant paths. Relationships
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between cell viability and assay data as well as OCT metrics were derived using the factor

loadings provided by the analysis.

The future goal of this project involves developing a powerful, predictive model
for OCT viability metrics. Ideally, the model would be able to provide viability predictions
based on OCT inputs alone. Theoretically, OCT metrics should be sensitive and specific to
different mechanisms of cellular injury and death. This thesis presented a potential
framework to approach this goal through commonly used multivariate techniques. These
techniques could be used independently or in conjunction with other analysis pipelines to

establish a robust and reliable predictive model.

Once successful, OCT’s introduction to FPM applications would provide
substantial improvements to analytical power and workflow. OCT viability imaging would
maximize the data that could be extracted from a limited biopsy. This approach would
enable the longitudinal monitoring of the same samples which would allow for repeated
measures assessment of biological data. This statistical approach is inherently less noisy
than collecting data from multiple independent datasets. The temporal dynamics of tumor
cells can also be observed and modeled using OCT-based methods. For example, the
development of chemoresistance could be tracked longitudinally in the same patient-
derived sample. OCT-based methods could also test the efficacy of second-line therapies
in parallel or prior to their administration to the patient. Implementing the OCT-FPM screen
would provide doctors with empirical evidence regarding the therapeutic capacity of
various antitumor drugs. Ultimately, a patient would receive a therapy that is most effective
against their cancer which would minimize the risk of unsuccessful treatment, recurrence,

or death.
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APPENDIX

Al. Summary Table of LCs and MMLCs

Appendix 1. Lethal concentrations (LC) resulting in 25, 50, and 75 percent cell death utilizing “best fit”
assays were reported alongside the multi-mechanisms LCso (MMLCsg). The MMLCs values were derived
from principal component analysis run on multimodal assay data. 2DG: 2-Deoxy-D-glucose, Oli: oligomycin
A, Tri: Triton X-100, Mel: melittin, Cis: cisplatin, Mef: melphalan, Pac: paclitaxel, BPL: beyond the practical
limit, NA: not applicable, ATP: CellTiter-Glo 3D assay, L/D: Live/Dead assay, Cas: Caspase-Glo 3/7 3D
assay, EdU: Click-iT EdU proliferation assay, Neuro: neurospheroids. Published in Zein-Sabatto A., et al.,

2025.
2DG Oli Tri Mel Cis Mef Pac
[mM] [uM] [%] [uM] [uM] [uM] [uM]
arp MG atp MMEC LD [MURC] LD (VWG| cas \MMICT cas |MMECT Eau |MIRC
~ |LC25| 15 242 0.0034 2.8 11 31 37
% Lc50| 52 | 55 | BPL | NA [0.0054/0.0034| 56 | 55 | 12 | 12 | 34 | 20 | 81 | NA
T |Lc7s5| 181 BPL 0.0090 1.1 14 38 BPL
_ |Lc2s| 3 0.002 0.0023 35 120 48 0.001
G |Lc50| 29 | 21 | 053 |0.023[0.0050/0.0046| 7.1 | 34 | 160 | 106 | 58 | 46 |0.041| 0.14
= |ic7s| 354 190 0.0110 14.4 214 70 14
o |LC25| 47 0.008 0.0034 0.3 5 18 20
o
3 |LC50| 110 | 96 |0.058 | 0.011 |0.0059/0.0043| 06 | 036 | 7 | 5 | 22 | 17 | BPL | NA
Z lLcrs| 265 0.455 0.0100 12 10 27 BPL
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A2. Longitudinal LME Regression Fits and PCA for MCF7
Microtissues Treated with Paclitaxel
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Appendix 2. Linear mixed effects (LME) and principal component analysis (PCA) model regressions were
generated from MCF7 microtissues treated with paclitaxel for 12, 24, and 48 hours using previously derived
lethal concentrations (LCs). ATP and caspase assay data were generated from three intact gels per condition
(n=3 gels per condition; three independent experiments in different colors; N=36 gels). Live/Dead and EAU
data were generated from 20 microtissues per condition (n=20 microtissues per condition; three independent
experiments in different colors; N=240 microtissues). Prior to running PCA, the MCF7 datasets were
matched by truncating the larger datasets to n=9 datapoints per condition. All datasets were normalized to
their vehicle controls prior to analysis. Error bars and shaded gray regions signify the 95% confidence
intervals. A dose-response was considered substantial when the p-value of the LME fit was p<0.05 and the
absolute value of the slope was greater than 0.1 (dark gray). Multi-mechanisms LCso (MMLCso) was derived
from the PCA regressions using methods previously described. Published in Zein-Sabatto A., et al., 2025.
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A3. OCT Metric Descriptions

Appendix 3. Table summarizing all OCT metrics collected and their descriptions. Metrics labeled with an
asterisk (*) included the standard deviation and coefficient of variation as additional metrics. Metrics labeled
with a degree (°) included the standard deviation alone as an additional metric.

Volume VoI.ume. of the
microtissue
A Surface Area of the . Measures random motions
rea il Decay
microtissue (value 0-1)
AVR Surface Area} to Volume
ratio
SR Sphericity
* Similar to Decay, but accounts
Decay 2 for noise
Intensity* Voxel intensity
Complex Measures both random and
Decorrelation* Time-dependent Change Shift* translational motions
in intensity
Decorrelation normalized Shift 2* Slmllzgi%l?rﬁrsn%?);izgt’ but
NormDec* by Intensity raised to a
power from 1-4
) - * Measures translational
Optical attenuation DopplerAbs motions (>0)
OAC* coefficient, measures
scattering properties Ms® Ratio of static particles
Similar to OAC, but Mf° Ratio of fixed particles
OACcc* confocal corrected Me° Ratio of exiting particles
(Sabina et al., 2018) D° Diffusion coefficient in pm?/s
Depth-resolved OAC, MfD° Similar tp D, but gccounts for
DROAC* measured per voxel. 1-4 fixed particles
are unique derivation
methods
" Similar to DROAC, but
DROACcc confocal corrected
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A4. Variance Inflation Factor Analysis

Appendix 4. Table summarizing the OCT metrics and their variation inflation factors (VIF) after addressing
multicollinearity. Metrics with the highest VIF were iteratively removed until all metrics had a VIF<5. 2DG:
2-Deoxy-D-glucose, Oli: oligomycin A, Tri: Triton X-100, Mel: melittin, Cis: cisplatin, Mef: melphalan, Pac:
paclitaxel.

Feature 2DG Oli Tri Mel Cis Mef Pac

Volume 1.88 1.98

AVR 2.02 3.25 2.15
SR 1.40 3.17 2.02 1.55 1.64 1.40
Decorrelation 1.86 3.41

DecorrelationCV 1.78 2.37 3.60

NormDec4 1.51

NormDecCV 2.46

NormDecSD4 3.18

OAC 4.88

OAC_CV 1.90 3.14 2.18 1.84 3.65 1.58 2.08
OAC_SD 3.07 1.31 2.48 2.47 3.47
OACcc 4.09

OACcc_CV 1.64 2.61 2.44 1.89 2.68 2.32
OACcc_SD 1.55 2.59 3.22 2.46 4.48
DROACA1 3.63 2.40 1.83
DROAC1SD 3.31

DROAC2 3.53

DROAC2SD 3.72
DROAC3 4.16

DROAC3CV 1.75 1.56
DROAC3SD 2.06 1.81 2.12
DROACA4CV 2.10 2.94 2.87 2.55 2.28
DROACcc1CV 3.56 3.87
DROACcc1SD 3.23
DROACcc2SD 3.16

DROACcc3 2.90 2.82 1.55 1.78 2.89
DROACcc3CV 3.30 3.79 3.62 1.79 1.62

DROACcc3SD 4.25
DROACcc4CV 3.90
DROACcc4SD 4.71 2.69 3.24 2.22
DecayCV 2.44
Decay2 3.63
Decay2CV 2.41
Decay2SD 3.38 3.20
ComplexShift 2.78
DopplerAbsCV 3.33 2.88 3.84
DopplerAbsSD 3.89 1.92
Shift2 3.36
D 1.80
D_SD 1.52 2.83 1.93 2.56 1.84 2.06 1.50
Me_SD 2.67
Mf 2.08
Mf_SD 2.13 2.04 4.02
Ms 2.63 3.33 3.57 4.39 3.72
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AS. Finalized SEM Path Diagrams

Cell
Viability

Cell
Viability

2-Deoxy-D-glucose
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ATP | L/ID | Cas | EdU
NormDec4 0.88
ATP | Normbecs |
-1.57
1.44 3.03 -1.01
-1.79 -1.04
Live/Dead 672
3.83
-1.04
Caspase .08
-0.69
-1.20
7.08 0.93
EdU -1.66
Oligomycin A
ATP | L/D | Cas | EdU
ATP /_m 0.92
Live/Dead
Caspase
1.70
EdU 0.74



Cell

Viability

Cell

Viability

Caspase

ATP

Triton X-100

Live/Dead

Caspase

EdU

ATP | L/ID | Cas | EdU
Decay2SD -2.06 1.76
-2.07 1.24
1.7
1.49 -1.47 -2.19
-1.38 2.51 1.58
-1.13 1.46 1.72
2.96 -0.37
-1.75 -0.26 0.93
-2.27 -0.32
Shift2 -0.51
DROAC2 -1.10
Melittin
ATP | L/ID | Cas | EdU
DROACcc3CV -2.03
T
| DROAC4CV -1.84
DROACcc4SD -1.21 -2.96 -1.60
DROACcc3 1.32 -2.04 1.88
Decorr -2.79
OACcc -1.06
OAC_CV 1.02
OAC_SD 0.74
DopplerAbsSD -2.38
Ms -5.24 -3.46 1.14
D_sD -1.05 1.28
Mf_SD -0.89 1.03
SR 1.40
DecorrCV 1.38
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Cisplatin

ATP | L/ID | Cas [ EdU
230
ATP
/ »| DROACcc1CV | -2.88 -1.43
0.03— Live/Dead I -0.25
Cell
Viability 27
10— Caspase 122
EdU
| _oso | 103
Melphalan
ATP | L/ID | Cas | EdU
> SR 3.16
ATP
-213
-1.91
Live/Dead
1.85 2.82 0.84
Cell 240
Viability
-3.75 -1.95 2.18
Caspase
1.30 -0.83 2.41
0.96
-1.60
EdU
-1.09
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Paclitaxel

ATP | L/D | Cas | EdU
-2.09 1.22
7.03
6.20
Live/Dead
-10.71
Cell
Vlablllty -6.30 -1.10
Caspase
6.89 1.06
-7.19 -1.12
1.46

Appendix 5. Path diagrams from the fitted structural equation models. Individual models were fitted for each
treatment condition in HepG2 microtissues. Circles represent the latent variable, and rectangles represent the
manifest (or observable) variables. Arrows indicate a relationship between two variables. Paths were reported
in blue or red and indicate whether the relationship between the variables is positive or negative, respectively.
Loadings between the latent variable and each manifest assay variable were reported on the connecting paths.
The thickness of the paths reflects the magnitude of the relationship between variables. Direct effects between
assays and their OCT predictors were reported in the accompanying table. L/D: Live/Dead and Cas: caspase.
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A6. SEM Total Effects

Appendix 6. Total effects estimated by the structural equation model fit. Both direct and indirect effects were
calculated for each treatment type separately. Model loadings were reported under “Estimates.” Indirect
effects were reported when “Cell Viability” was selected as the predictor. A Wald statistical test was
conducted to determine significance (z < 0.05).

2DG OligomycinA
Predictor Outcome Estimate | Std Error | Z-value | Predictor Outcome Estimate | Std Error | Z-value
ATP NormDecSD4 1.44 0.29 <.0001 ATP D_SD 0.92 0.33 0.0047
ATP NormDec4 0.88 0.30 0.0039 Caspase DROAC3SD -1.73 0.39 <.0001
ATP D_SD -1.57 0.28 <.0001 EdU Ms 1.70 0.23 <.0001
ATP Ms -1.79 0.34 <.0001 EdU DROAC1 0.74 0.30 0.0154
LiveDead ComplexShift 7.08 1.72 <.0001 EdU DROAC4CV -1.91 0.20 <.0001
LiveDead SR 3.83 1.79 0.0325 | Cell Viability Ms 1.65 0.26 <.0001
LiveDead NormDecSD4 3.03 1.33 0.0232 || Cell Viability ATP 1.00 0.00 <.0001
LiveDead | DecorrelationCV | -6.72 1.72 <.0001 || Cell Viability EdU 0.97 0.08 <.0001
Caspase DopplerAbsCV -0.69 0.29 0.0157 || Cell Viability D_SD 0.92 0.33 0.0047
Caspase NormDecSD4 -1.01 0.28 0.0003 || Cell Viability DROAC1 0.71 0.30 0.0176
Caspase DROACcc3SD -1.03 0.28 0.0002 || CellViability Caspase 0.39 0.08 <.0001
Caspase NormDecCV -1.04 0.28 0.0002 || Cell Viability LiveDead 0.07 0.01 <.0001
Caspase DROAC1SD -1.20 0.27 <.0001 | CellViability DROAC3SD -0.67 0.21 0.0012
EdU ComplexShift 0.93 0.32 0.0039 || CellViability DROAC4CV -1.84 0.25 <.0001
EdU Ms -1.04 0.37 0.0051
EdU Mf_SD -1.66 0.31 <.0001

CellViability [ NormDecSD4 2.43 0.23 <.0001
CellViability [ ComplexShift 1.19 0.27 <.0001

Cell Viability ATP 1.00 0.00 <.0001
CellViability DROAC1SD 0.93 0.23 <.0001
CellViability NormDec4 0.88 0.30 0.0039

Cell Viability NormDecCV 0.80 0.23 0.0005
CellViability | DROACcc3SD 0.80 0.23 0.0006

CellViability EdU 0.77 0.07 <.0001
CellViability | DopplerAbsCV 0.54 0.23 0.0193
Cell Viability SR 0.26 0.14 0.0595
CellViability LiveDead 0.07 0.02 <.0001
CellViability | DecorrelationCV | -0.46 0.16 0.0053
CellViability Caspase -0.77 0.08 <.0001
CellViability Mf_SD -1.27 0.26 <.0001
Cell Viability D_SD -1.57 0.28 <.0001
Cell Viability Ms -2.58 0.22 <.0001
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Triton X-100 Melittin
Predictor Outcome Estimate | Std Error | Z-value | Predictor Outcome Estimate | Std Error | Z-value
ATP DROACcc4SD 1.49 0.51 0.0037 ATP DROACcc3 1.32 0.58 0.0228
ATP DROACcc3 -1.13 0.52 0.0291 ATP DROACcc4SD -1.21 0.52 0.0194
ATP Ms_SD -1.38 0.49 0.005 ATP DROAC4CV -1.84 0.23 <.0001
ATP DROACcc3CV -1.75 0.27 <.0001 ATP DROACcc3CV -2.03 0.22 <.0001
ATP Decay2SD -2.06 0.31 <.0001 | LiveDead Mf_SD -0.89 0.34 0.0092
ATP DROAC4CV -2.07 0.28 <.0001 | LiveDead DROACcc3 -2.04 0.71 0.004
LiveDead AVR 2.96 0.30 <.0001 LiveDead Decorrelation -2.79 0.25 <.0001
LiveDead Ms_SD 2.51 0.60 <.0001 | LiveDead DROACcc4SD -2.96 0.63 <.0001
LiveDead Decay2SD 1.76 0.54 0.0012 LiveDead Ms -5.24 0.59 <.0001
LiveDead D_SD 1.71 0.35 <.0001 Caspase DROACcc3 1.88 0.67 0.005
LiveDead DROACcc3 1.46 0.63 0.0214 || Caspase OAC_CV 1.02 0.32 0.0013
LiveDead DROAC4CV 1.24 0.50 0.0137 ] Caspase OAC_SD 0.74 0.32 0.0228
LiveDead DROACcc4SD -1.47 0.62 0.0181| Caspase D_SD -1.05 0.30 0.0005
LiveDead SR -2.27 0.27 <.0001 | Caspase OACcc -1.06 0.32 0.0008
Caspase DROACcc3CV -0.26 0.07 0.0002 Caspase DROACcc4SD -1.60 0.59 0.0069
Caspase SR -0.32 0.06 <.0001 Caspase DopplerAbsSD -2.38 0.25 <.0001
Caspase AVR -0.37 0.06 <.0001 Caspase Ms -3.46 0.56 <.0001
Caspase Shift2 -0.51 0.06 <.0001 EdU SR 1.40 0.39 0.0003
EdU DROACcc3 1.72 0.55 0.0016 EdU DecorrelationCV 1.38 0.39 0.0004
EdU Ms_SD 1.58 0.52 0.0024 EdU D_SD 1.28 0.38 0.0007
EdU DROACcc3CV 0.93 0.38 0.0159 EdU Ms 1.14 0.30 0.0002
EdU DROAC2 -1.10 0.30 0.0002 EdU Mf_SD 1.03 0.39 0.0086
EdU DROACcc4SD -2.19 0.54 <.0001 | CellViability | DopplerAbsSD 2.05 0.23 <.0001
Cell Viability Caspase 1.64 0.18 <.0001 | CellViability D_SD 1.06 0.27 0.0001
Cell Viability ATP 1.00 0.00 <.0001 | CellViability ATP 1.00 0.00 <.0001
CellViability D_SD 0.72 0.16 <.0001 | CellViability OACcc 0.92 0.28 0.0009
Cell Viability AVR 0.64 0.17 0.0001 || Cell Viability LiveDead 0.80 0.04 <.0001
Cell Viability EdU 0.51 0.04 <.0001 | CellViability SR 0.16 0.10 0.1288
Cell Viability Ms_SD 0.47 0.23 0.0362 || CellViability | DecorrelationCV 0.16 0.10 0.1297
Cell Viability LiveDead 0.42 0.03 <.0001 | CellViability EdU 0.11 0.07 0.0937
Cell Viability DROACcc3 0.35 0.23 0.1202 || Cell Viability Mf_SD -0.59 0.28 0.0356
CellViability | DROACcc4SD -0.24 0.23 0.2934 || CellViability OAC_SD -0.64 0.28 0.0235
Cell Viability DROAC2 -0.56 0.16 0.0004 || Cell Viability Caspase -0.86 0.04 <.0001
Cell Viability Shift2 -0.84 0.14 <.0001 | CellViability OAC_CV -0.88 0.28 0.0015
CellViability Decay2SD -1.32 0.19 <.0001 | CellViability Ms -1.07 0.28 0.0001
CellViability SR -1.48 0.15 <.0001 | CellViability DROAC4CV -1.84 0.23 <.0001
Cell Viability DROAC4CV -1.55 0.17 <.0001 | CellViability DROACcc3 -1.92 0.26 <.0001
CellViability | DROACcc3CV -1.72 0.16 <.0001 [ CellViability | DROACcc3CV -2.03 0.22 <.0001
CellViability | DROACcc4SD -2.18 0.22 <.0001
CellViability [ Decorrelation -2.23 0.22 <.0001
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Cisplatin Melphalan
Predictor Outcome Estimate | Std Error | Z-value | Predictor Outcome Estimate | Std Error | Z-value
ATP Mf_SD 2.30 0.89 0.0099 ATP SR 3.16 0.89 0.0004
ATP DROACcc1CV -2.88 0.74 | 0.0001 ATP D_SD 1.85 0.75 0.0135
Caspase Ms 0.32 0.05 <.0001 ATP OAC_CV -1.91 0.92 0.0377
Caspase Volume 0.27 0.06 <.0001 ATP DROACcc3CV -2.13 0.92 0.02
Caspase SR -0.25 0.06 <.0001 ATP DROACcc1CV -3.14 0.89 0.0004
EdU DopplerAbsCV 1.83 0.19 <.0001 | LiveDead D_SD 2.82 0.78 0.0003
EdU D_SD 1.03 0.24 <.0001 | LiveDead Ms 1.30 0.61 0.0345
EdU DROAC1 0.83 0.24 [ 0.0006 | LiveDead Decay2SD -3.40 0.69 <.0001
EdU DROACcc3CV -0.73 0.24 0.003 LiveDead Mf -3.75 1.10 0.0006
EdU OACcc_CV -0.92 0.24 0.0001 Caspase Decay2 0.96 0.45 0.0311
EdU DecorrelationCV | -1.22 0.23 <.0001 Caspase Ms -0.83 0.35 0.0186
EdU DROACcc3 -1.27 0.23 <.0001 | Caspase Mf -1.95 0.63 0.002
EdU DROACcc1CV -1.43 0.21 <.0001 EdU Ms 2.41 0.17 <.0001
Cell Viability Caspase 1.00 0.00 <.0001 EdU Mf 2.18 0.31 <.0001
CellViability | DopplerAbsCV 0.36 0.06 <.0001 EdU D_SD 0.84 0.27 0.0016
Cell Viability Ms 0.32 0.05 <.0001 EdU AVR -1.09 0.23 <.0001
Cell Viability Volume 0.27 0.06 <.0001 EdU DROACcc1SD -1.60 0.20 <.0001
CellViability D_SD 0.20 0.05 0.0002 || Cell Viability Ms 17.00 3.77 <.0001
Cell Viability EdU 0.19 0.03 <.0001 | CellViability D_SD 15.24 3.14 <.0001
Cell Viability DROAC1 0.16 0.05 0.0018 || Cell Viability EdU 7.07 1.52 <.0001
CellViability LiveDead 0.03 0.00 <.0001 | CellViability Caspase 4.14 0.89 <.0001
Cell Viability ATP -0.03 0.01 <.0001 | CellViability Decay2 3.99 2.04 |[0.0504
Cell Viability Mf_SD -0.07 0.03 0.0266 || Cell Viability SR 3.16 0.89 0.0004
CellViability | DROACcc3CV -0.14 0.05 0.0057 || Cell Viability LiveDead 2.64 0.56 <.0001
Cell Viability OACcc_CV -0.18 0.05 0.0006 || Cell Viability ATP 1.00 0.00 <.0001
Cell Viability | DROACcc1CV -0.19 0.06 0.0022 || Cell Viability OAC_CV -1.91 0.92 0.0377
CellViability | DecorrelationCV | -0.24 0.05 <.0001 | CellViability | DROACcc3CV -2.13 0.92 0.02
CellViability SR -0.25 0.06 <.0001 | Cell Viability Mf -2.54 2.26 0.2609
Cell Viability DROACcc3 -0.25 0.05 <.0001 | CellViability | DROACcc1CV -3.14 0.89 0.0004
CellViability AVR -7.74 2.31 0.0008
CellViability Decay2SD -8.98 2.63 0.0006
CellViability | DROACcc1SD -11.28 2.81 <.0001
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Paclitaxel

Predictor Outcome Estimate | Std Error | Z-value
ATP Mf -2.09 0.77 0.0064
LiveDead OAC_SD 7.03 2.73 0.01
LiveDead AVR 6.89 2.79 0.0135
LiveDead Decay2CV 6.20 2.75 0.0244
LiveDead OAC_CV -6.30 2.80 0.0243
LiveDead DROACcc3 -7.19 2.72 0.0082
LiveDead DROAC4CV -10.71 2.59 <.0001
EdU D 1.46 0.26 <.0001
EdU Mf 1.22 0.31 <.0001
EdU AVR 1.06 0.30 0.0004
EdU OAC_CV -1.10 0.30 0.0002
EdU DROACcc3 -1.12 0.29 0.0001
Cell Viability Mf 3.78 0.84 <.0001
CellViability AVR 3.04 0.77 <.0001
CellViability D 2.96 0.79 0.0002
Cell Viability EdU 2.03 0.40 <.0001
CellViability Caspase 1.00 0.00 <.0001
CellViability OAC_SD 0.92 0.41 0.0267
Cell Viability Decay2CV 0.81 0.40 0.0457
CellViability LiveDead 0.13 0.03 <.0001
Cell Viability ATP -0.62 0.12 <.0001
Cell Viability DROAC4CV -1.40 0.47 0.0028
CellViability OAC_CV -3.05 0.77 <.0001
CellViability DROACcc3 -3.21 0.79 <.0001

132




A7. Data Processing Code

The following python code was utilized to analyze OCT metrics for Chapter 4 and to
extract structural equation models. Raw OCT data was processed using custom MATLAB

code developed by Dr. Jonghwan Lee.

# %%

import pandas as pd

import numpy as np

from pathlib import Path

from scipy import stats

from scipy.stats import shapiro

from sklearn.linear_model import LinearRegression

from sklearn.metrics import mean_squared_error, r2_score
import statsmodels.api as sm

from statsmodels.stats.outliers_influence import variance_inflation_factor
from statsmodels.tools.tools import add_constant

from sklearn.preprocessing import StandardScaler

from tqdm import tqdm

import matplotlib.pyplot as plt

# =================================================================" K
# Functions for data processing and analysis
# =================================================================" k)

# Function to bootstrap to fill any missing data points
def bootstrap_fill exposure_24(df, n_bootstrap=2000, min_group_size=3):
Specialized bootstrapping filler for exposure_24 DataFrame.
Fills missing values by sampling within LC x Exposure groups.
Parameters:
- df: Your exposure_24 DataFrame
- n_bootstrap: Number of bootstrap samples (default: 50)
- min_group_size: Minimum available values needed (default: 3)
Returns:
- Filled DataFrame
- Detailed statistics dictionary
# Make copy and initialize stats
df_filled = df.copy()
stats = {
‘columns_processed': [],
"total values filled': o,
'values_remaining_missing': 0,
‘groups_processed': {},
‘warnings': []
}
# Identify columns with missing values (excluding group columns)
group_cols = ['LC', "Exposure']
cols_with_missing = [col for col in df.columns
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if col not in group_cols
and df[col].isnull().any()]
if not cols_with_missing:
print("No missing values found in any columns.")
return df_filled, stats
stats['columns_processed'] = cols_with_missing
# Main processing loop
for col in tqdm(cols_with_missing, desc="Processing columns"):
for group_key, group in df.groupby(group_cols):
group_id = f"LC={group_key[0]}, Exposure={group_key[1]}"
# Initialize group stats if not exists
if group_id not in stats['groups_processed']:
stats[ 'groups_processed' J[group_id] = {
'filled': 0,
'skipped_small_group': 0,
'available_values': ©
}
available values = group[col].dropna()
stats[ 'groups_processed'][group_id][ 'available_values'] =
len(available_values)
# Skip if not enough values
if len(available_values) < min_group_size:
missing count = group[col].isnull().sum()
stats['groups_processed' J[group_id][ 'skipped_small group'] +=
missing_count
stats['values_remaining missing'] += missing_count
continue
# Fill missing values
null _indices = group[group[col].isnull()].index
for idx in null_indices:
bootstrap_sample = np.random.choice(available_values,
size=n_bootstrap, replace=True)
df_filled.loc[idx, col] = bootstrap_sample.mean()
stats['groups_processed'][group_id][‘filled'] += 1
stats[ 'total values filled'] += 1
# Generate summary statistics
stats[ 'values_remaining _missing'] =
df _filled[cols_with_missing].isnull().sum().sum()
# Add warnings for problematic groups
for group_id, group_stats in stats['groups_processed'].items():
if group_stats['available values'] == 0:
stats[ 'warnings'].append(f"{group_id} had NO available values for
filling")
elif group_stats['skipped_small group'] > ©:
stats[ 'warnings'].append(
f"{group_id} had {group_stats['skipped_small group']} values
not filled "
f"(only {group_stats['available values']} available, needed
{min_group_size})"

return df_filled, stats

# =================================================================" 5
# Normality Check
# =================================================================" K



def check_normality(df, alpha=0.05):
Checks the normality of each column in a Pandas DataFrame using the
Shapiro-Wilk test.
Parameters:
- df: Pandas DataFrame containing the data.
- alpha: Significance level for the Shapiro-Wilk test (default: ©.05).
Returns:
- normality results: A dictionary containing the Shapiro-Wilk test results
for each column.
for column in df.columns:
data = df[column].dropna() # Drop NaN values before testing
if len(data) < 3:
normality results[column] = {
'statistic': None,
"pvalue’: None,
'normal’': False,
'warning': "Too few data points to perform Shapiro-Wilk test."
}
continue
stat, p = shapiro(data)
normality_results[column] = {
'statistic': stat,
'pvalue’: p,
‘normal’': p > alpha,
'warning': None

}
return normality results
# E N S S S o o S ||| ==E " K
# Regression Analysis
# Mt " k)

def perform_regression_analysis(predictors, targets, output_dir, condition,
significance_level=0.05):

Performs regression analysis and identifies significant predictors, saving
plots of the fits.

Parameters:

- predictors: DataFrame containing predictor variables.

- targets: DataFrame containing target assays.
output_dir: Path to save regression results and plots.
condition: The current condition being processed.

- significance_level: Threshold for p-values (default: 0.05).

Returns:

- results_df: DataFrame with regression results.

- significant_predictors: Dictionary of significant predictors for each
assay.

regression_results = []
significant_predictors = {}
plt.rcParams.update({'font.size': 12})
for assay in targets.columns:
print(f"\n{'="*50}")
print(f"Regression analysis for {assay}")
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print(f"{'="*50}")
significant_predictors[assay] = [] # Initialize list for each assay
for predictor in predictors.columns:
# Prepare data for regression
X = predictors[[predictor]] # Single predictor
y = targets[assay] # Single target assay
# Fit linear regression model
model = LinearRegression()
model.fit(X, y)
# Make predictions
y_pred = model.predict(X)
# Calculate R™2
r2 = r2_score(y, y_pred)
# Calculate Mean Squared Error (MSE)
mse = mean_squared_error(y, y_pred)
# Statsmodels for p-values
X_sm = sm.add_constant(X) # Add a constant for the intercept
model sm = sm.OLS(y, X_sm)
results_sm = model sm.fit()
p_value = results_sm.pvalues[predictor] # P-value for the

predictor
slope = model.coef [0] # Extract the slope
# Store results
regression_results.append({
'Assay': assay,
'Predictor': predictor,
'Slope': slope,
'R"2": r2,
'"MSE': mse,
'"P-value': p_value
}
# Check for significance
if p_value < significance_level:
significant_predictors[assay].append(predictor)
if r2 > 9.25: # Optional: Only plot if R”2 is above a
threshold
# Calculate confidence interval using statsmodels' built
in method

predictions = results_sm.get_prediction(X_sm)
predictions_summary =
predictions.summary_frame(alpha=0.05)
# Select appropriate CI type (true regression line vs.
individual predictions)
use_mean_ci = True # Set to False for prediction
intervals
if use_mean_ci:
lower_bound =
predictions_summary["mean_ci_lower"].values
upper_bound =
predictions_summary["mean_ci_upper"].values
ci_label = "95% Mean CI"
else:
lower_bound =
predictions_summary["obs_ci_lower"].values
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upper_bound =
predictions_summary["obs_ci_upper"].values
ci_label = "95% Prediction CI"
# Sort values for clean CI plotting
sorted_idx = np.argsort(X.values.ravel())
X_sorted = X.values.ravel()[sorted_idx]
y_pred_sorted = y _pred[sorted_idx]
lower_sorted = lower_bound[sorted_idx]
upper_sorted = upper_bound[sorted_idx]
# Create and save the plot only if p-value is significant
plt.figure(figsize=(5, 5))
plt.scatter(X, y, alpha=0.5, label="Observed Data")
plt.plot(X_sorted, y pred_sorted, color='red',
label="Regression Line")
plt.fill between(X_sorted, lower_sorted, upper_sorted,
color="gray', alpha=0.3, label=ci_label)
plt.xlabel(predictor)
plt.ylabel(assay)
plt.title(f"{assay} vs {predictor}\n(R2 = {r2:.2f}, MSE =
{mse:.2f}, p = {p_value:.2e})")
plt.legend()
plt.xlim(-4,4)
plt.ylim(-1.5, 1.5)
plt.tight_layout()
plot_output_path = output_dir /
f'{condition} {assay} vs_{predictor}.svg'
plt.savefig(plot_output_path, dpi=300)
plt.close() # Close the plot to free memory
# Convert results to DataFrame
results_df = pd.DataFrame(regression_results)
return results_df, significant_predictors

# e e e e e e e e e e e e e e e e e k)
# Structural Equation Modeling (SEM)
# =================================================================" K

def build_sem_model(condition, top_predictors_by assay, zscored_df,
output_dir):

Build and fit a Structural Equation Model (SEM) for a given condition.

Parameters:

- condition: The current condition being processed.

- top_predictors_by assay: Dictionary mapping assays to their top
predictors.

- zscored_df: DataFrame containing z-scored data for SEM.

- output_dir: Path to save SEM results and diagrams.

Returns:

- None

print(f"\nBuilding SEM model for {condition}...")

# Define the SEM model

sem_model description =

Viability =~ ATP + LiveDead + EdU + Caspase

Viability ~~ Viability

# Add relationships between each assay and its top predictors
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for assay, predictors in top_predictors_by assay.items():
for predictor in predictors:
sem_model _description += f"{predictor} ~ {assay}\n"
# Save SEM model description to a file
sem_model path = output_dir / f"{condition}_sem_model.txt"
with open(sem_model path, "w") as f:
f.write(sem_model description)
# Prepare and fit the SEM model
try:
import semopy
from semopy import Model
sem_model = Model(sem _model description)
sem_model.fit(zscored_df)
except Exception as e:
print(f"Error fitting SEM model for {condition}: {e}")
return
# Inspect and save SEM results
try:
sem_results = sem_model.inspect()
sem_results_path = output_dir / f"{condition}_sem_results.xlsx"
pd.DataFrame(sem _results).to _excel(sem_results path, index=False)
print(f"SEM results saved to {sem_results_path}")
except Exception as e:
print(f"Error saving SEM results for {condition}: {e}")
# Save SEM statistics
try:
import semopy
sem_stats = semopy.calc_stats(sem_model)
sem_stats_path = output_dir / f"{condition}_sem_stats.xlsx"
sem_stats.to_excel(sem_stats path, index=False)
print(f"SEM statistics saved to {sem_stats_path}")
except Exception as e:
print(f"Error saving SEM statistics for {condition}: {e}")
# Save predicted factors
try:
factors = sem_model.predict_factors(zscored_df)
factors_path = output_dir / f"{condition}_sem factors.xlsx"
except Exception as e:
print(f"Error saving SEM factors for {condition}: {e}")
# Generate SEM path diagram
try:
import semopy
semopy.semplot(sem_model, str(output_dir /
f"{condition} sem _path _diagram.svg"))
print(f"SEM path diagram saved to {output_dir /
f'{condition} sem_path_diagram.svg'}")
except Exception as e:
print(f"Error generating SEM path diagram for {condition}: {e}")
# Generate SEM report
try:
import semopy
semopy .report(sem_model, str(output_dir /
f"SEMreport_{condition}.html"))
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print(f"SEM report saved to {output_dir /

f'SEMreport_{condition}.html'}")
except Exception as e:

print(f"Error generating SEM report for {condition}: {e}")
# Set output directory (will create if doesn't exist)
output_dir = Path("C:/Users/azein/Documents/PredictorAnalysis™)
output _dir.mkdir(parents=True, exist ok=True)
# Dictionary to store all results

results = {}

normality_results = {}

# =================================================================",
# Main Processing Loop

# ==================================s===============s===s====s=======",

for condition in ['230428-2DG', '230428-OLI', '240614-CIS', '240614-MEF',
'240426-MEL"' ,'240426-TRI', '240621-PAC']:

drug = condition[-3:]

# Load and prepare data

path = 'R:/azeinsab/0OCT Data/'+drug

# Load excel file and filter for the 24-hour timepoint

df=pd.read_excel(path+'/'+condition+'.x1sx")

exposure_ 24 df=df[df['Exposure’']==24]

exposure_24 df.head()

# Execute on your exposure_24 DataFrame

filled_exposure_24, fill stats =bootstrap_fill_exposure_24(exposure_24_df)

# Display summary results

print("\n=== Bootstrapping Completion Summary ===")

print(f"Filled {fill_stats['total values filled']} missing values")

print(f"{fill_stats['values_remaining missing']} values remain missing")

print(f"\nProcessed columns: {fill stats['columns_processed']}")

if fill stats['warnings']:
print("\n=== Warnings ===
for warning in fill stats['warnings']:

print(f"- {warning}")

# =================================================================" )
# Normalization of Target Assay Outputs

# =================================================================" )
# Normalize specific columns based on the mean of rows where 'LC' == 0
columns_to_normalize = ['ATP', 'LiveDead', 'EdU', 'Caspase’]

# Calculate the mean for each column where 'LC' == @

1cO _means = filled_exposure 24[filled exposure 24['LC'] ==
0][columns_to_normalize].mean()
# Normalize the specified columns
normalized_df = filled_exposure_24.copy()
normality_results = check_normality(normalized_df)
for column, result in normality_results.items():
print(f"Column: {column}")
if result['warning']:
print(f" Warning: {result['warning']}")
else:
print(f" Shapiro-Wilk Statistic: {result['statistic']:.3f}")
print(f" P-value: {result['pvalue']:.3f}")
print(f" Normally distributed: {result['normal']}")
print("-" * 30)
# Apply standard normalization for ATP, LiveDead, and EdU
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for col in ['ATP', 'LiveDead', 'EdU']:
normalized_df[col] = filled exposure 24[col] / 1lc® _means[col]
# Apply inverted normalization for Caspase
normalized_df['Caspase'] = 1 - (filled_exposure_24['Caspase'] /
1c@_means[ 'Caspase'])
# Save the normalized DataFrame to a new variable or file if needed

normalized df.to_excel(path + '/Normalized ' + condition + '.xlsx',
index=False)

# =================================================================",

# Prepare z-scored data

# =================================================================",

zscored_df = normalized_df.copy()

exclude cols = ['LC', 'Exposure', 'SpheroidNo', 'ATP', 'Caspase',
"LiveDead', 'EdU']

scaled_cols = [col for col in normalized_df.columns if col not in
exclude_cols]

scaler = StandardScaler()

zscored_df[scaled_cols] = scaler.fit_transform(normalized_df[scaled_cols])

zscored_df.to_excel(path + '/ZScored_ ' + condition + '.xlsx', index=False)

# Extract predictors and targets from the z-scored data

predictors = zscored_df.drop(

["ATP", 'Caspase', 'LiveDead', 'EdU', 'LC', 'Exposure', 'SpheroidNo'],

axis=1
)
targets = zscored_df[['ATP', 'Caspase', 'LiveDead', 'EdU']]
# R S S S o S S S ||| EE " K
# Variance Inflation Factor (VIF) Analysis
# S S S S S S S s =m=m=m=m=|m=m== " 5
print("\nPerforming Variance Inflation Factor (VIF) analysis...")

vif_threshold = 5
predictors_filtered = predictors.copy()
while True:
# Add a constant to the predictors (required for VIF calculation)
X = add_constant(predictors_filtered)
# Calculate VIF for each predictor
vif_data = pd.DataFrame()
vif_data["Feature”] = X.columns
vif_data["VIF"] = [variance_inflation_factor(X.values, i) for i in
range(X.shape[1])]
# Remove the constant column from the VIF data
vif data = vif_data[vif_data['Feature'] != 'const']
# Check if any VIF values exceed the threshold
if (vif_data['VIF'] <= vif_threshold).all():
break # Exit the loop if all VIFs are below the threshold
# Find the feature with the highest VIF
highest_vif_feature = vif data.loc[vif_data['VIF'].idxmax(),
'Feature']
# Remove the feature with the highest VIF from the predictors
predictors_filtered = predictors_filtered.drop(highest_vif feature,
axis=1, errors='ignore')
print(f"\nRemoved high VIF feature: {highest_vif_feature}")
print(f"Remaining features after VIF analysis:
{predictors_filtered.columns.tolist()}")
# If no predictors remain, exit the loop
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if predictors_filtered.shape[1l] == ©:
print("No predictors remaining after VIF filtering.")
# Provide at least one predictor to pass to the next section
if predictors.shape[1l] > ©:
# Recalculate VIFs on the original set of predictors
X_original = add_constant(predictors)
vif_data_original = pd.DataFrame()
vif data_original["Feature"] = X_original.columns
vif_data_original["VIF"] =
[variance_inflation_factor(X_ original.values, i) for i in
range(X_original.shape[1])]
vif_data_original =
vif_data_original[vif_data_original['Feature'] != "const']
# Find the feature with the lowest VIF in the original set
lowest_vif feature =
vif_data_original.loc[vif_data_original['VIF'].idxmin(), 'Feature’']
predictors_filtered = predictors[[lowest vif feature]].copy()
print(f"Using the predictor with the lowest VIF:
{lowest_vif feature}")
break
# Save VIF results to a file
vif output_path = output_dir / f'{condition} vif results.xlsx'
vif_data.to_excel(vif output_path, index=False)
print(f"VIF results saved to {vif_output_path}")

# =================================================================\" K
# Regression Analysis

# =================================================================\" K}
print("\nPerforming Regression Analysis...")

regression_results_df, significant_predictors =
perform_regression_analysis(predictors_filtered, targets, output_dir,
condition)
# Filter regression results for significant predictors
filtered_results = []
for index, row in regression_results_df.iterrows():
assay = row['Assay']
predictor = row['Predictor']
p_value = row['P-value']
if predictor in significant_predictors.get(assay, []) and p_value <=
0.05:
filtered results.append(row)
significant_results = pd.DataFrame(filtered_results)
# Save regression results to a file
regression_output_path = output_dir /
f'{condition} regression_results.xlsx'
if not significant_results.empty:
significant_results.to_excel(regression_output_path, index=False)
else:
print("No significant results to save.")
print(f"Regression results saved to {regression_output_path}")

# =================================================================\" K}
# Structural Equation Modeling (SEM) with Assays and Top Predictors
# =================================================================\" K

# Ensure output directory exists
condition_output_dir = output_dir / condition
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condition_output_dir.mkdir(parents=True, exist_ok=True)

# Build and fit SEM model for the current condition

build _sem_model(condition, significant_predictors, zscored_df,
condition_output_dir)

END
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