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All models are wrong; some models are useful.
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SUMMARY

The goal of precision medicine is to provide optimal treatment to patients based on their

individual characteristics or disease state. Current genomic-based approaches are limited

by the amount of patient sample needed, high turnaround time, and reliant on reported

mechanisms of drug action and patient response. Micro�uidic devices provide a way to

directly and ef�ciently test small quantities of patient samples and screen for functional

outcomes; these devices can incorporate features such as the cellular environment to better

model physiological variables. Turning micro�uidics-derived data into actionable precision

medicine insights requires collaboration between the �elds of microsystems engineering,

computational biology, and clinical medicine. On the computational side, novel data anal-

ysis pipelines and interpretable statistical modeling methods are needed to extract the max-

imal amount of information from micro�uidics data and to generate clinically actionable

insights.

The objective of this work was to leverage computational and mathematical approaches to

develop robust predictive models of patient sample response assayed in micro�uidic de-

vices. This approach was validated using micro�uidics-generated datasets from two hema-

tologic applications: combination drug screening in leukemia, and rheological biomarker

correlation in sickle cell disease. Speci�c outcomes were: 1) development of an analyt-

ical pipeline that measures drug synergy and ef�cacy metrics for combinations used in

leukemia, 2) identi�cation of a subpopulation of patients with sickle cell disease that may

bene�t from a novel therapy, and 3) correlation of micro�uidic-based rheological metrics to

symptomatic severity in patients with sickle cell disease. Overall, this work demonstrates

the ability of the combined experimental-computational frameworks to extract important

patient-speci�c features from multi-factorial experiments, optimize discovery of synergis-

tic drug interactions, and provide personalized recommendations for therapy.

xvii



CHAPTER 1

INTRODUCTION

Precision medicine has the potential to improve patient outcomes through customized clin-

ical decisions for many diseases but is reliant on availability of robust biomarkers and

assays for biomarker detection that can accurately quantify the disease state. Micro�uidic

devices are powerful research tools for functional testing of patient samples. Advances in

micro�uidic technologies have resulted in increasingly sophisticated devices that incorpo-

rate physiological features such as the cellular environment, thus better recapitulating in

vivo behavior. As these platforms continue to incorporate more biological features, analy-

sis and interpretation of patterns within these multi-factorial datasets becomes challenging.

For example, high-speed imaging technologies allows for the capture of high throughput

quantitative data that incorporate dynamic signals and responses within a single experi-

ment. Without interpretable models of these complex datasets, experimental observations

are dif�cult to translate into clinically actionable insights for precision medicine. New

statistical and computational methods are needed to extract the maximal amount of infor-

mation from the analysis of micro�uidics-generated data and overcome the challenges of

modeling biological data.

The objective of this dissertation was to leverage computational and mathematical ap-

proaches to develop robust predictive models of patient sample response to combinatorial

therapies assayed in micro�uidic devices. The central hypothesis was that model features

derived from novelin vitro micro�uidics-based functional assays combined with existing

clinical markers of disease can be used to optimize therapy on a patient-speci�c basis.

I validated my approach using micro�uidics-generated datasets from application to two
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hematologic diseases: multi-drug resistance pro�ling in leukemia, and oxygen-dependent

rheological biomarkers in sickle cell disease (SCD) vaso-occlusion.

1.1 Speci�c Aims

1.1.1 Aim 1. Developan analysisframeworkfor characterizationof dose-responseand

druginteractionsin anovelmicro�uidic devicefor precisionscreeningof combination

therapiesin leukemia.

I hypothesized that an optimized analysis framework for characterizing drug dose-response

would inform experimental parameters and increase the accurate characterization of patient-

speci�c synergistic drug interactions. Incorporating novel models of drug synergy quanti�-

cation into the analysis pipeline of micro�uidics data informed a multi-device experimental

protocol. Optimizing the ef�ciency of the experimental design enabled more robust detec-

tion of drug synergy and ef�cacy outcomes between combinations.

1.1.2 Aim 2. Developa mathematicalmodelthatcorrelatespatient-speci�cvariablesto

characterizetheoxygen-dependentresponseto voxelotorin SCD.

I hypothesized that the oxygen-dependent �ow behavior of sickle blood can be accurately

predicted using commonly used blood indices such as the complete blood count (CBC) and

hemoglobin fractions. I used dimensionality reduction and statistical approaches to estab-

lish the complex relationship between oxygen-dependent �ow behavior of blood samples

in a micro�uidic device and these routinely obtained clinical parameters. Novel metrics

extracted from these models were applied toward prediction of patient responses to newly

FDA-approved therapeutics for SCD.
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1.1.3 Aim 3. Determinethe correlationof clinical lab valuesto the blood rheological

responseandquantitativelyinvestigatethe contributionof rheologicalpropertiesto

clinical outcomesin SCD.

I hypothesized that rheological metrics, including oxygen-dependency of �ow and velocity

pro�les would be informative features for predicting symptomatic severity in patients with

SCD. Data collection was performed from a database of video data from past micro�uidics

experiments conducted on blood samples from SCD patients (as in Aim 2), as well as from

CBC and symptoms data from electronic medical records. Regression and classi�cation

models were built to predict disease severity from the CBC and rheological metrics, and

performance of models constructed using different predictor sets were analyzed to deter-

mine what the most informative features were.

3



CHAPTER 2

BACKGROUND

2.1 Precision medicine

2.1.1 Introduction

Precision medicine is an approach to medical treatment that takes into account variables

that are speci�c to individual patients or groups of patients in order to select the most ben-

e�cial therapy [1]. The axiom of precision medicine is often summed up in the rhetoric

“the right treatment, for the right patient, given at the right time.” This is in contrast to

one-size-�ts-all therapies, in which all patients are treated by standard regimens based on

the “average" patient. These standard of care (SOC) regimens are often chosen to max-

imize targeting of a variety of pathophysiological mechanisms; speci�c patient-to-patient

differences are not typically captured in current approaches. Patients diagnosed with the

same disease from a symptomatic perspective may in actuality respond very differently to

treatments, and the promise of precision medicine is to understand the root cause of this

variable response.

The idea behind tailoring medicine based on different biological traits is not a new idea:

ABO blood typing, classi�ed by Dr. Karl Landsteiner in 1909, has been used to guide trans-

fusion protocols to mitigate immune reactions for over a hundred years [2]. In general, the

medical state of the patient is established through quanti�cation of biomarkers, measurable

characteristics that are indicative of biological state or pathogenic processes [3]. While

thousands of novel biomarkers have been proposed, only a small fraction of them are rou-

tinely used in clinical practice [4]. In recent years, the wide availability and accessible

4



cost of being able to gain patient-speci�c molecular information has enabled precise phe-

notyping to be performed on a much larger scale. New large-scale multi-omics data for

characterizing patients (e.g. proteomics, metabolomics, and even mobile health technol-

ogy) are now more accessible than ever [5]. With these large-scale datasets, we need new

analytical and computational tools that are adept for analyzing these massive quantities

of data, and the implementation of these computational approaches must be accessible by

practitioners to de�ne a new approach towards optimal treatment [6].

2.1.2 Currentapproachesandchallenges

The majority of progress in precision medicine has been in the �eld of genomics. In fact,

the term precision medicine was coined at the turn of the century during the genomic revo-

lution, when the Human Genome Project proved that it was possible to sequence the entire

genome. Currently, genome-wide association studies (GWAS) are the primary method by

which personalized therapy targets are identi�ed. While discovery of several key muta-

tional drivers in oncology have proved that genomic-based precision medicine can make

its way to the clinic (e.g. BRCA, BRAF, HER2), most cancers do not fall neatly into these

speci�ed buckets. The genes BRCA1 and BRCA2 and their potential use as biomarkers

was discovered in the 1990s [7, 8], and yet it took over a decade for a targeted therapy, ola-

parib, to be developed and approved in 2014 for patients with BRCA-mutated (BRCAm)

relapsed ovarian cancer patients with the BRCA mutation [9]. From this example, we can

see that a challenge in implementing precision medicine is that the genomic approach does

not inherently reveal mechanisms for druggable targets. Additionally, knowing what to tar-

get does not inform considerations such as dosing: individuals may respond differently to

different amounts of drug, and the therapeutic window for many drugs is small.

Secondly, the biomarker assays which require sending the sample to off-site laboratories

can be challenging for patient care if the time-to-treat is signi�cantly affected. A recent

study for biomarker screening of BRCAm in patients with ovarian cancer showed that the
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median turnaround time for a genetic test to be returned back to the referring clinician

was 4.7 weeks [10]. A similar study by Lim et al. in non-small cell lung cancer showed a

turnaround time of 3.1 weeks from �rst assessment to treatment decision [11]. Ideally, tests

could be run at the point-of-care, or within hospital laboratories on-site. This would help

patients to receive care in an appropriate time span. Decreasing treatment time is especially

important in rare, aggressive diseases, and thus reducing time-to-treat is a major factor in

successful implementation of precision medicine approaches.

Lastly, patient samples are limited resources. These samples are often obtained at the

diagnosis stage of disease, however, the amount of patient sample collected often prohibits

running a large number of drug studies for screening. In the same study published by Lim

et al., 13% of patients tested for biomarkers had insuf�cient tissue for molecular testing

and required repeat biopsy, leading to even further delay of treatment [11]. While genomic

medicine shows great promise, alternative methods are sorely needed which can quickly

test small amounts of patient samples [12]. Development of novel assays to quantify disease

biomarkers or functionally identify the most robust treatment will positively impact the way

that precision medicine insights are made.

2.2 Micro�uidic devices for functional screening of patient samples

2.2.1 Introduction

A potential solution to the challenges raised is to make the best use of limited patient sam-

ples by designing functional screening assays at miniature scale. Micro�uidic devices for

biological applications was �rst discussed in the 1980s, enabled by contributions to technol-

ogy in the microelectronics manufacturing industry. Additional funding from the Defense

Advanced Research Projects Agency (DARPA) for development of �eld-deployable sys-

tems for analyzing chemical and biological threats helped to spur innovation in micro�u-

idics technology [13]. The popularity of micro�uidics has only continued to increase since
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these early efforts. Soft lithography enabled rapid prototyping of complex geometries in a

polymer, the most commonly used of which is polydimethylsiloxane (PDMS). The mate-

rial is transparent, and the �nal device is mounted on a glass slide and thus ready for optical

imaging. The promise of micro�uidic systems offer several key advantages: 1) micro�uidic

models can be generated at physiologically-relevant scales and geometries, 2) micro�uidic

devices can be designed with the capability to modify the local microenvironment of the

cells, and 3) sample processing and analysis can be built onboard [14].

2.2.2 Applicationsof micro�uidics in biomedicalapplications

Micro�uidics-based assays have been developed for many applications that enable the func-

tional testing of small amounts of patient-derived samples, providing a platform for insight

into pathophysiological processes or therapeutic response. For example, more complex

systems can integrate multiple biological features, such as endothelial cells, into a single

device. The �exibility in designing geometry allows for engineering of critical physio-

logic features that are important for recapitulating in vivo behavior [15–19]. Because of

their scale, micro�uidics excel at detection of small quantities of analyte. There are several

well-known applications including biomarker testing from blood samples across different

molecular scales [20], and capture of circulating tumor cells from blood [21]. In sickle cell

disease (SCD), micro�uidics that screen patient blood have been linked to disease severity

[22–24]. Routine testing of patient samples could reveal trends in disease progression and

inform if and when interventions should take place.

Another important application of micro�uidic devices is the ability to conduct drug test-

ing. Rather than testing new drugs on cell or animal models which do not necessarily

represent the broad heterogeneity of human health and disease, testing can be performed

on patient samplesex vivo. In addition to testing novel therapies, there is a huge potential

for applications in drug repurposing. The ability to leverage compounds with established

safety pro�les in more individualized regimens is a huge potential source of novel thera-
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pies [25, 26]. While it is estimated that 30% of drugs that go to clinical trials fail due to

ef�cacy [27], drug repositioning could potentially make use of these for subpopulations

which do respond to the drug, even though those patients may have been overlooked in the

trial. What were prior weaknesses in a study design (surrogate markers, non-ideal patient

inclusion/exclusion criteria) [28] can actually be leveraged if benchtop assays can screen

patient samples in an ef�cient, non-invasive way. Due to micro�uidics' small sample us-

age, enough cells could be utilized from a typical patient biopsy to conduct drug screening

on primary cells.

Functional metrics from micro�uidic assays can be made even more useful by tying the

results of the functional screens to pre-existing patient-speci�c indices. Relating novel

micro�uidics-based outcomes back to known biomarkers enhances interpretation of results

and are more actionable by clinicians. With multivariate statistical modeling, groups of

biomarkers and their trajectories may change simultaneously and together give a more clear

predictive indicator of patient status than looking at changes in single biomarkers alone

[29].

2.2.3 Opportunitiesto increasetranslationaladoptionof micro�uidic assays

Micro�uidics data is often a series of high-resolution and/or high-speed microscopy images

which can result in gigabytes worth of data generated in a single experiment. Additional

clinical variables that are characterized at sample collection are also important features

that may give insight to the patient-speci�c response of the sample in the experimental

results. Thus, as the information density and biological complexity of micro�uidic testing

of patient samples increases, so too does the need for methods of analysis which can take

into account complex multi-factorial data and derive clinically applicable insights. Novel

methodologies are required to analyze these high-throughput data. Feature engineering

is also required to transform the processed data into patient-speci�c variables that can be

then used in a variable of supervised and unsupervised learning. Thus, while micro�uidic
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tools continue to be useful enablers of biological �ndings at physiological scales, it is clear

that computational and analytical tools are required to transform and interpret these data if

the promise of precision medicine insights are to be achieved. Big data approaches have

been proposed to analyze large-scale biomedical data and inform the development of new

clinical biomarkers, thus moving the �eld closer to the goal of precision medicine [30].

While the number of publications on micro�uidics systems continues to increase increased,

recent reviews have discussed the fact that many promising micro�uidics systems have

remained proof-of-concept tools [31, 32]. To turn these devices into actionable precision

medicine insights requires collaboration between the �elds of microsystems engineering,

computational biology, and clinical medicine.

2.3 Novel micro�uidic assays in development

In this thesis work, I present two case studies of which we applied novel computational

pipelines on micro�uidics assays designed by our collaborators for assaying patient sam-

ples to generate precision medicine insights.

2.3.1 Multi-drug functionalpro�ling in leukemiacells

The �rst device was developed in Dr. Wilbur Lam's lab at Emory University and Georgia

Institute of Technology (Figure 2.1). Leukemia cells are cultured in the main chamber of

the device. Adjacent inlets allow for exposure of the cells to 3 opposing gradients of drugs

that diffuse through the chamber. The three-way concentration gradients were determined

to be stable and matched computational �uid dynamics (CFD) predictions of concentration

[33]. A syringe pump connected to the outlet draws out the mixture, allowing continu-

ous exposure to fresh drug solution throughout the system. After 48 hours of exposure to

drug, endpoint staining is performed using a calcein/PI assay to measure cell viability. The

output of the device is thus a microscopy image with accompanying concentration coor-

dinates corresponding to the spatial locations of individual cells, along with the quanti�ed

9



cell live/dead status. The goal of my analysis was to construct a computational pipeline

that analyzes drug synergy and ef�cacy across all the possible single, pairwise, and three-

way interaction of the three drugs in the combination. This corresponds to Aim 1 of my

thesis (Chapter 3). The long-term objective of this project is to enable patient-speci�c

drug screening for pediatric leukemia that can predict susceptibility or resistance of pri-

mary cells to SOC or novel drug regimens. These predictions can then be leveraged to give

personalized recommendations of therapy.

Figure 2.1: Micro�uidic device for screening response of leukemia to 3 opposing con-
centrations of candidate drug therapies.Leukemia cells are mixed with a collagen hy-
drogel and loaded into the device. Separate inlets allow 3 different small-molecule drugs
to be perfused through the device, and thus each location within the device comprises a
unique combination of the 3 drugs. The resulting output is an microscopy image with cal-
cein and PI �uorescent dyes quantifying cell death. Patterns of cell death throughout the
device can be analyzed to obtain drug ef�cacy and synergy metrics.

2.3.2 Oxygen-dependentrheologicalresponseof sicklecells

The second device was developed in Dr. David Wood's lab at the University of Minnesota,

Twin Cities (Figure 2.2). Blood �ow in sickle cell disease (SCD) is sensitive to the oxygen

tension of the microcirculation, as sickling is enabled under deoxygenated conditions. The

contribution of individual sickle red blood cell (SRBC) adopting stiff, sickled morpholo-

gies contributes to an increased viscosity of sickle blood. Thus, rheological properties have
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been proposed as a biomarker in SCD, and a previous study has shown the ability of rhe-

ological outputs from this device to distinguish between patients which differing disease

severity [22]. Blood samples can additionally be treated with therapeutic interventions such

as simulated blood transfusions or pharmacologic agents to determine impact of treatment

on sickle rheology [34, 35]. Determining the relationship between device-level rheology

metrics and existing patient biomarkers at time of sample collection can inform variables

that best predict response to novel therapeutics (Aim 2 of my thesis, Chapter 4) or stratify

patients into disease severity phenotypes based on clinical outcomes (aim 3 of my the-

sis, Chapter 5). In the long-term the correlations established between device and clinical

indices can help drive better understanding of patient heterogeneity, and inform future di-

rections for biomarker research in SCD.

2.4 A data analytics approach to generating precision insights from physiologically-

mimetic micro�uidic systems

2.4.1 Motivation

With the vast quantities of high-throughput data that can be collected from micro�uidic sys-

tems such as those previously described, I propose a framework to tie computational tech-

niques together with the experimental screening tools to generate personalized insights. As

part of this framework, I leverage techniques in data science to derive novel insights from

the data. While scientists are commonly trained in experimental techniques, data collec-

tion, and descriptive statistics, there is an opportunity to leverage a data science mindset

when it comes to working with larger datasets, as well as the supportive roles of data clean-

ing, data storage, and programmatic data analysis. Here, I propose that these phases of data

analysis can be applied to biological sciences and biomedical engineering as the rate of data

collected from novel assays continues to increase. In the following section, I describe the

necessary components for an integrated experimental-computational approach to generat-

ing precision medicine insights and discuss their applicability towards the two micro�uidic
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Figure 2.2: Micro�uidic device for measuring oxygen-dependent rheological proper-
ties of sickle blood. A)The micro�uidic device is connected to an oxygen gas mixer,
PBS syringe pump, pressure regulator for blood pressure control, and an oxygen sensor to
monitor the device's internal oxygen pressure. Blood is �owed through the experimental
channel which is subjected to dynamic oxygen tension adjustment. High speed imaging is
used to capture the blood �ow characteristics and determine velocities.B) A typical experi-
mental protocol involves cycling oxygen tension between normoxia and serially decreasing
levels of hypoxia at constant driving pressure while simultaneously measuring blood �ow.
C) Velocity pro�les of blood �ow is sensitive to oxygen tension. Different oxygen tensions
are depicted by different colors, with black representing normoxia and increasing alpha
levels representing increased hypoxia. At normoxic conditions, velocity pro�les take on a
parabolic, curved pattern with RBCs traveling at faster velocities in the center of the chan-
nel compared to the wall velocity. At lower oxygen tensions, �ow pro�les adopt a more
blunted geometry.

systems that we are using to demonstrate this approach. This framework can easily be

generalized and applied to any pathology with heterogeneous manifestations where under-

standing patient-speci�c responses to treatment is critical to designing robust therapies.

2.4.2 Datacollectionandcharacterization

A robust system for collection and processing of patient samples is required. A hypothesis-

generating approach requires that large enough amounts of data is collected that covers

the expected variance in the disease population. Clinical information associated with each
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Figure 2.3: Generalized experimental-computational modeling approach.Our ap-
proach is useful for any physiological mechanism that can be recapitulated in an experi-
mental model. The mechanism being addressed by the model should be quanti�able using
a mathematical or computational model for use in downstream statistical models. Addi-
tional sample-associated features can be derived from clinical data, or other descriptive
analyses. Unsupervised learning approaches can be used to discover signatures of pheno-
typic variation, or patterns of response that can be used to guide sub-setting of classes of
samples. Supervised learning approaches are used to correlate the sample-associated fea-
tures (X-block) to functional or clinical-level responses (Y-block).

sample is collected; this can include data on sample handling, or data from electronic med-

ical records (EMR). This should encompass any baseline characteristics of patients that

can in�uence their response to treatments. This step in the work�ow also encompasses

data cleaning and processing. Data analysis should be based on “tidy data” principles [36]:

these help data and analysis to be reproducible, regardless of the storage medium [37, 38].

2.4.3 Experimentalmodelof pathophysiologicalprocess

As previously discussed, micro�uidic models that can assess speci�c pathophysiological

mechanisms are ideal tools for conducting high-throughput testing. The experimental

model should comprise biological or physiological factors that relate to microenvironment
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or mechanism: for example, the leukemia device utilizes a cross-linking collagen hydrogel

for improved proliferation of the leukemia cells, and the SCD model incorporates vessel

dimensions to simulate blood �ow in the microcirculation.

2.4.4 Experimentalperturbationof modelfeatures

Means to subject the sample to various physiological or therapeutic perturbations can be

components of the experimental protocol or built in to the experimental model. These can

be drug treatments as in our leukemia drug screening device, or other physiologic signals

that are critical to the underlying pathogenic processes, such as speci�c oxygen tension

setpoints in SCD.

2.4.5 Mathematicalmodelsof patientresponse

Next, patient sample behavior in response to perturbations should be parameterized by de-

scriptive mathematical models. This provides for concise quanti�cation of the effect of the

treatment, as a typical micro�uidics experiment may involve perturbations at multiple set-

points throughout the duration of the experiment. For statistical tests to be valid, features

should be collected on the observable unit to which treatment is applied, which for these

models is at the level of the patient sample. These variables can be then used downstream

in predictive modeling schema. Moreover, the ability to successfully describe biological

phenomenon with a model indicates a good prediction of the mechanistic basis of the be-

havior. In the following sections I describe some mathematical equations and strategies

that were used for the work in this thesis.

Non-linear sigmoidal models

Biological responses to drugs are typically nonlinear, and often take on a sigmoidal shape.

This is due to the saturating properties of most biological and biochemical behavior: mak-

ing sure that at low levels the signal is buffered from variation i.e. noise, and at the high
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doses making sure that the organism does not suffer from catastrophic runaway processes.

Several sigmoidal equations have been historically used to model various biological pro-

cesses: the Gompertz equation for population growth, the Monod equation for microbial

growth rates, the Hodgin-Huxley kinetic equations for action potentials, Michaelis-Menten

for enzyme kinetics, and the Hill function for oxygen binding to hemoglobin. These are

all forms of logistic growth models. The Hill function is the most-used equation for drug

responses due to its prevalence in the �eld of quantitative pharmacology [39]. A four-

parameter version of the Hill equation can be described as follows:

E = E0 +
(Emax � E0)dh

ECh
50 + dh

(2.4.1)

The parameterE0 describes the effectE with zero amount of drugd (arbitrary concentra-

tion units). TheEmax is often used to describe drug ef�cacy (the maximum effect of the

drug at high concentrations), while theE50 is typically used to describe the potency of the

drug (how much drug is needed to achieve half maximal effect). In its original biochemical

context, the Hill coef�cienth describes the cooperativity of ligand-receptor binding, though

in geometric terms can be thought of as a slope factor describing the steepness of the curve.

The Hill equation is used to describe the dose-response of samples to perturbation in both

micro�uidic models evaluated in this work.

Direct modeling of combinatorial effects with null effect models

While dose response is fairly easily characterized by the Hill equation or any one of the

previously discussed equations, biological systems are highly complex and outcomes are

often in�uenced by the multiplexing of multiple signals or physiological pathways at once.

Efforts to quantify the effects of multiple agents on a single patient have existed since the

1950s. If the effect is greater than expected from the signals on their own, this is termed

synergy. Effects less than expected are termed antagonism, or inhibitory. The expected
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effect, or null response, is the value the tested response is compared against which dictates

the presence of synergy, and two main schools of thought have arisen for predicting null

responses: Bliss independence and Loewe additivity.

In Bliss independence, the null assumption is that the effect of drug A is fully independent

from the effect of drug B [40]. With the independence assumption, the drug effects can be

quanti�ed in a fully probabilistic manner, such that the effect of drug A can be multiplied

by the effect of drug B to get the expected effect of combination A+B. If the effect is

greater than expected, the interaction is synergistic, if it is less than expected, the interaction

is antagonistic. It should be noted that this approach is equivalent to the multiplicative

de�nition of interaction effects in multiple linear regression. Thus, Bliss synergy considers

the overall maximum effect of the drug and does not explicitly consider dose-dependency

of drug effect.

In Loewe additivity, the null assumption is that drugs cannot interact with themselves, and

thus, if two drugs have the same effect, these doses should be equivalent, or additive [41].

In other words, if drug compounds A and B are additive, then A can be fully replaced

in the combination by B and would have no difference in effect from A alone, or A+B.

Loewe additivity does take into account the effect of dose, and a typical way of qualitatively

assessing this is using isobologram analyses.

With computer processing power increasing, derivative approaches to quantifying drug syn-

ergy have emerged that more fully encompass multi-dimensional dose responses. Due to

the Hill equation's prevalence in de�ning dose-response relationships, many of these ap-

proaches have been developed to expand the equation and create synergy parameters that

model the effect of multiple drugs at once as dose-response surfaces. Greco et al. devel-

oped a pivotal response surface model based off Loewe additivity [42] that has also been

expanded into a multi-dimensional version [43]. More recently, Myer et al. described a

multidimensional Hill surface that takes into account the independent axes of drug potency
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and drug ef�cacy, and encompasses both Bliss and Loewe null effect models [44]. Using

these fully parameterized models, drug responses can be �tted to a surface, or simulations

can be performed by sweeping through parameter space to evaluate possible responses.

2.4.6 Unsupervisedlearningfor identifyinggroupedsubsetsof samples

Unsupervised learning is an approach that uses computational algorithms to analyze and

group unlabeled datasets. The goals of unsupervised learning are typically to cluster related

data, �nd associations between variables in a dataset, and identify variables which most

greatly contribute to the overall variance. In this work, I use unsupervised learning to

analyze the SCD dataset to ultimately �nd that the dataset naturally clustered along the

genotype variable, which signi�ed its importance for downstream regression modeling.

Principal components analysis

Dimensionality reduction methods such as principal components analysis (PCA) can create

new latent variables from the variable space. This is especially useful in biological appli-

cations, as variables are frequently collinear due to redundancy built into many biological

processes. For instance, the complete blood count (CBC) comprises many variables that

are inherently highly covariate as several of the indices are derived from algebraic com-

binations of other indices. Some blood analyzers measure the volume of red blood cells

and report mean cell volume (MCV) but calculate hematocrit by multiplying the MCV by

total red cell count. In PCA, the eigenvectors and eigenvalues of the covariance matrix are

calculated to identify the principal components, resulting in several fully orthogonal axes

which explain the greatest amount of variance in the data.

2.4.7 Supervisedmodelingfor discoveryof featuresgreatestimpactingsampleresponse

In contrast to unsupervised learning, supervised learning utilizes data in which the datasets

are pre-labeled. The goal of supervised learning is to identify the relationships between pre-
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dictor and response variables, with the objective to predict outcomes for new data. Some

assumptions that underlie predictive statistical analyses are the existence of independent

variables, normally distributed residuals, and linear effect relationships. In contrast, biolog-

ical variables are often noisy, sparse, covariate, and nonlinear. Analyses of such problems

requires knowledge-based feature engineering to reveal insights about the data, as well as

novel algorithms that can overcome these limitations.

Partial least squares regression

A similar method to PCA in that it leverages principal components, partial least squares re-

gression (PLSR) is suitable for addressing many of the aforementioned constraints and can

identify patterns within such sparse and covariate data. Similar to PCA, PLSR utilizes com-

putational algorithms to project the data to an alternate set of latent vectors which serve to

optimally describe the variance of the data, and best correlate with the dependent variable.

The main difference in PLSR is that the response variables (Y-block) are also considered,

and thus the principal components are chosen to simultaneously maximize correlation to

the Y-block in addition to maximizing explanation of variance in the predictors (X-block).

Thus, by choosing the appropriate number of latent vectors, the dataset can be optimally

described while avoiding over�tting. Rather than having to pick and choose which vari-

ables to keep that represent the data, PLSR allows us to utilize all of these variables, and

has been used successfully in the Kemp lab for biological regression applications [45].

Naive Bayes classi�er

One of the simplest machine learning (ML) classi�ers is the naive Bayes classi�er. Each

feature has an associated probability of contributing to a class, dependent on the value of

the feature. The "naive" description of naive Bayes derives from the fact that all features are

assessed independently. This independence assumption also leads to naive Bayes models

being very interpretable because each feature is considered alone. While the probabilis-
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tic nature means the classical naive Bayes supports only categorical features, continuous

features can be modeled as Gaussian distribution probabilities in Gaussian naive Bayes

modeling.

Decision trees and random forests

Another simple and very interpretable ML algorithm is the decision tree. Tree-based mod-

els split the data along speci�ed thresholds in the features, and can be used for classi�cation

or regression. Algorithms are used to automatically determine where the best splits should

be, and when splitting should stop. These models are highly interpretable because each split

is clearly de�ned, and followed all the way to the predicted outcome. Moreover, because

variables can appear anywhere and multiple times within a tree, nonlinear interactions can

be captured.

A random forest can be thought of as a collection of decision trees. In this model, a collec-

tion of decision trees (a forest) are randomly initiated. Each tree grows according to its own

splits, which are subject to randomization. The ensemble outcome of the forest is then used

to predict the outcome. While some interpretability is lost as a result of the aggregation,

the model accuracy is generally improved with a forest.

Generalized linear models

Linear regression is the most simple form of regression, where predictors are �tted to re-

sponses using straight lines. Many effects in biology are challenging to characterize using

linear regression due to nonlinearity of predictors and responses. An alternative to linear

regresssion, genearlized linear models (GLM) have been developed to �t linear-like regres-

sions to data that does not follow a normal or Gaussian distribution. Generally speaking,

GLMs utilize a link function that speci�es the expected value of the response from a linear

combination of the predictor variables.
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For example, count data typically follows a Poisson distribution. Count data can be heavily

skewed, often with a large zero-in�ated component. Distributions with zero-in�ated com-

ponents can be modeled in a mixture model, where one portion of the model describes the

logistic categorization of the data, and the other portion of the model models the Poisson

distribution. Zero-in�ated Poisson (ZIP) models are relevant when there may be two pro-

cesses underlying the data: one of which generates zeros, and the other which produces

normal count data (which may or may not contain zeros). For example, a zero-in�ated

count of hospital visits may be due to a subpopulation of patients who have severe disease

requiring utilization of a healthcare facility, and an additional subpopulation of patients

who have benign disease that does not manifest in symptoms severe enough to require

treatment. In this work, I apply ZIP regression to clinical outcomes in SCD.

Data may also be regularized, which are penalties or constraints added to the model. The

least absolute shrinkage and selection operator (LASSO) is a commonly used regularization

algorithm. The LASSO adds an additional variable to the regression which biases the coef-

�cients towards zero. In this way, variables which do not greatly contribute to the response

prediction can be effectively removed from the regression equation. Thus, the LASSO is

able to remove spurious or confounding variables that do not add additional information,

recovering degrees of freedom and improving prediction of the response. Regularization

methods are often integrated into GLM models.

2.4.8 Applicationto currentresearch

In this chapter, I have described the motivation and current challenges with implementing

precision medicine. Micro�uidic devices are promising tools to perform functional screen-

ing on patient samples to assess disease state and optimal treatment options. In order to

turn proof-of-concept high-throughput micro�uidic assays into actionable clinical insights,

data analytics approaches are needed that transform measured features from the devices to

clinically-actionable biomarkers. I described a generalized modeling approach that applies

20



various ML techniques to correlate device-level features to features describing patient re-

sponse. Finally, I applied this modeling approach to two novel micro�uidic devices and

demonstrate how use of various mathematical and computational tools can generate preci-

sion medicine insights from micro�uidics-derived datasets.
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CHAPTER 3

AN ANALYTICAL FRAMEWORK FOR PRECISION SCREENING OF

COMBINATION THERAPIES FOR LEUKEMIA IN A NOVEL MICROFLUIDIC

DEVICE

3.1 Introduction

Leukemias, like all cancers, are comprised of highly heterogeneous subclonal populations

that contribute to treatment resistance [46]. Combination therapies have been highly suc-

cessful in improving remission rates, and are standard of care across most leukemia types.

In cases where patients relapse with after induction therapy, however, survival rates drop

dramatically, and the treatment landscape for salvage regimens becomes much more neb-

ulous [47, 48]. While a few targeted therapies exist for patients who present with distinct

biomarkers [49], we cannot robustly predict whether patients will respond to induction

chemotherapy or not.

A compelling method for screening therapies is through chemosensitivity screening, or

perturbing primary cancer cells with drugsex vivoto determine cell killing potential [50].

Micro�uidic assays have previously been developed to perform functional drug screening,

however, many of these require expansion of patient cells using patient-derived cell lines,

organoids, or xenografts [51–54]. Additionally, while current methods test monotherapies

or up to pairwise responses [55], higher-order combinations are used in phases of cancer

treatment, and inherent synergistic or antagonistic interactions may change the expected

behavior of drug combinations [56]. Synergistic combination therapies can result in better

ef�cacy and reduced toxicities compared to single agents alone [57]. Thus, more effective
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screening methods that directly use patient samples and test higher-order drug combina-

tions could be utilized at point-of-care to help improve screening of drug susceptibility.

In this work, we report a micro�uidics-based pipeline for screening three drugs simultane-

ously in leukemia cells. This device leverages gradients of drug concentrations to expose

the cells to varying mixtures between the three drugs. We use computational imaging and

mathematical modeling to quantify cell viability response in the device. Additionally, our

system allows for quanti�cation of synergy metrics for combinations, which is not currently

in any drug screening pipeline. We demonstrate that our system enables us to identify spe-

ci�c mixtures of drugs that lead to the optimal outcomes for T-cell acute lymphoblastic

leukemia (T-ALL) cell killing in commonly used combinations in induction therapy.

3.2 Materials and Methods

3.2.1 Micro�uidic devicedesign

We developed a micro�uidic device that enables simultaneous exposure to three super-

imposed drug gradients across a 3D culture of leukemia cells [58]. Brie�y, the device

consists of a cell-laden hydrogel with adjacent channels for perfusion of drugs and media.

All devices were fabricated using standard SU-8 photolithography, and replica-molded in

PDMS. Custom-made drug and media reservoirs were fabricated in PDMS. The �nal cho-

sen dimensions for the device resulted in a �uid capacity of roughly 4� L, or about 10,000

cells.

3.2.2 Experimentalsetupandprotocol

We cultured Jurkats, a T-ALL cell line, to use in the device. Cells were incorporated with

a collagen hydrogel which is loaded into the device. A syringe pump was connected to the

outlet at a rate of 1� L/min which draws the drug solution out of the device and ensures the

cells are exposed to fresh solution throughout the duration of the experiment (Figure 3.2A).
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Figure 3.1: Micro�uidic device for screening combination therapies in leukemia. A)
We developed a PDMS-based micro�uidic device that �ts on a microscope slide. USA
quarter shown for scale.B) Custom fabricated reservoirs hold the drug drug solutions,
which are perfused through the device before being drawn out the outlet.C) Cell-laden
hydrogel is loaded through inlets on the device. The drug inlets allow for diffusion of
drugs through the cell compartment in the device.D) Diffusion of the 3 drugs in the device
generate stable gradients; each region of the device has a different mixture of drugs. Biotin-
�uorophore conjugates were used to validate formation of gradients.

We selected 400 nM daunorubicin, 40 nM vincristine, and 400� M vincristine as the max-

imum drug doses. We used 7 devices with input drug concentrations serially decreasing

in Log2 spacing to fully characterize the dose response of each of the 3 drugs. After a 48

hour exposure period to the drug-infused media, cells were stained with Hoechst (nuclei

marker), calcein (live cell marker) and propidium iodide (PI) (dead cell marker).
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3.2.3 Imageanalysisanddrugconcentrationmapping

To assess the drug concentrations that individual cells were exposed to, we developed a

simpli�ed computational �uid dynamics (CFD) model which was validated to recapitulate

the stable gradient patterns [33]. The COMSOL model generated a concentration mapping

for the device spatial locations. The concentration mapping was aligned to the images of

the device using a custom MATLAB (vR2021a, Mathworks, Natick, MA, USA) function

that aligns the image to the concentration map. Individual cell locations are transformed

from spatial coordinates to concentration coordinates de�ned from a concentration map.

We used a CellPro�ler [59] pipeline for object detection to determine single-cell locations

and viabilities (Figure 3.2B).

3.2.4 Ternaryanalysis

Plotting the detected cells in 3D concentration space, where the axes are the individual drug

concentrations normalized from 0 to 1, results in a hyperplane. This plane can be projected

to a lower dimensional 2D representation as a ternary plot (Figure 3.2B). Thus, speci�c

regions of the ternary plot correspond to distinct regions in device spatial coordinates. For

example, the arms of the device correspond to the edges of the ternary plot, representing

the pairwise mixture of drugs. The center of the ternary plot is equivalent to the center of

the device, where all 3 drugs are mixed. We partitioned the ternary plot for each device into

equal-area hexagonal zones with a radius of 0.05 of the maximum dose, which normalizes

the ternary axes to be from 0 to 1. Zone viability was calculated as the median cell viability

of all cells in the zone.

3.2.5 Synergymetricscalculations

Single-drug Hill �ts are taken from the corner zones of the ternary plots represented by our

devices. We used a four-parameter Hill equation of the following form:
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Figure 3.2: Experimental and computational work�ows. A) Cell-laden collagen hy-
drogel is loaded into the device and exposed to a combination of 3 drugs for 48 hours. A
calcein/PI assay is used to assess cell viability.B) A CellPro�ler pipeline is used to quan-
tify single-cell viability and locations. Cell locations are mapped to a validated COMSOL
model of drug concentrations. Remapping the cell locations to concentration coordinates
results in a hyperplane through 3D drug concentration space, which can be projected in 2D
as a ternary plot. The corners of the ternary plot denote single-drug zones, the edges denote
pairwise mixtures, and the center denotes 3-drug combination space.

E = E0 +
(Emax � E0)dh

ECh
50 + dh

(3.2.1)

The effectE is modeled as a sigmoidal function of the dosed. At low doses, the effect

approaches the asymptotic baselineE0. At higher doses, the effect reaches the maximum

effect asymptoteEmax . TheEC50 is a measure of the dose at half of the maximum effect.

Finally, the Hill coef�cienth is a slope parameter that informs how steep the linear portion

of the curve is around theEC50. After single-drug Hill �ts have been established, combi-

nation doses at any location in the device can then be normalized to the EC50 of single-drug

�ts. This normalized form of the EC50 is known as the fractional inhibitory concentra-
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tion (FIC), which is also equivalent to the Chou-Talay combination index (CI) [60]. For a

combination of three drugs X, Y, and Z, the FIC is calculated as:

F IC =
CX

EC50;X
+

CY

EC50;Y
+

CZ

EC50;Z
(3.2.2)

The concentration of each drugC is normalized to theEC50 of the drug, allowing for

comparisons of relative potency between agents. FIC scores are ratios: an FIC score of

2 means that the combination requires twice as much drug (antagonism), whereas a score

of 0.5 means that the combination requires half as much drug (synergism). Thus, log

transforming FIC scores center them at 0, and result in the magnitude of shifts less than or

equal to zero having equal scaling.

To calculate synergy scores in ef�cacy, we used an equation that compares the ef�cacy to

the maximum achievable ef�cacy by any of the drugs [44].

� =
min (EX ; EY ) � EXY

E0 � min (EX ; EY )
(3.2.3)

For the three-way synergy and estimation of the contribution of pairwise combinations

to the estimated effect, we used the DiaMOND methodology, which generates synergy

metrics based on the Loewe additivity null model to quantify fractional inhibitory con-

centrations in our device [61]. We developed a custom analysis package in Python to

implement and perform all calculations (v3.10, Python Software Foundation, https://www.

python.org/).

3.2.6 Responsesurfacemodelsfor simulatingdeviceoutput

To test theoretical synergy combinations, we created a computational model of expected

response in our device. Starting with the concentration mapping generated by the COM-
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SOL model, cell locations are randomly sampled from the spatial mapping. Cells are then

given a probability of survival based on the location-speci�c concentration pro�le that is

fed into a model of drug effect. We parameterized our drug effect model based on a re-

sponse surface model of Loewe additivity synergy created by White et al [43]. Individual

cells are assigned a binary live/dead status by sampling from a continuous uniform distribu-

tion and thresholding by the drug effect probability from the model. The resulting output of

live/dead cells corresponding to speci�c spatial locations within the device map is similar

to experimental results, and thus can be fed back into our analysis pipeline.

We generated a dataset set to test the sensitivity of FIC scores to synergy inputs from the

simulated drug effect model. The pairwise synergy parameter was set to -4, -2, 0, 2, and

4, which represents strong synergy, weak synergy, additivity, weak antagonism, and strong

antagonism, respectively. The full factorial expansion of all combinations of synergy was

constructed, totaling 105 different conditions. For example, one condition could have pairs

with weak synergy, strong antagonism, and additivity, and another could have all pairs

being additive. This dataset was used to determine the sensitivity of our computational

pipeline outputs to theoretical values of synergy.

3.2.7 Synergyclassi�er development

A classi�cation model was developed to test the sensitivity of FIC scores to synergy inputs

from the simulated drug effect model. A testing/training split was not utilized because the

data was generated as a full factorial set. We used the FIC scores for each pair, the differ-

ence in FIC between pairs, and sum of all FIC scores, as predictors for the classi�er. We

used a bootstrapped random forest algorithm implemented in JMP (v16.1, SAS Institute,

Cary, NC, USA) initialized with 100 trees. A separate classi�er was created for each of the

drug pairs in the simulated device. Classi�er performance was assessed using confusion

matrices and the area under the curve (AUC) of the receiver operator characteristic (ROC)

curve. Overall classi�cation accuracy was based on correctly classifying all three of the
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three pairs compared to the input parameters.

3.3 Results

3.3.1 Multi-deviceschemaadvantagescomparedto checkerboardassay

The resulting device uses only 10,000 cells per device, which allows for testing of three

drugs at all possible mixtures of 3 drugs. To capture the dose-dependency of drug response,

multiple devices set at serially decreasing input doses of drugs are used. By exposing a

region of drugs to multiple mixtures of drugs simultaneously, we were able to use fewer

cells compared to a standard checkerboard assay. For a 7-dose checkerboard assay for 3

drugs, the amount of discrete experimental wells needed is73 = 343 (Figure 3.3A). At a

typical count of of 10,000 cells/well in a 384-well plate, this represents a 50-fold reduced

usage of cells for a typical experiment.

Additionally, we compared the concentration space captured by our device with that of a

comparable checkerboard assay. Each device occupies a ternary plane in 3D concentration

space, whereas the checkerboard assay concentrations are discrete points spaced through-

out (Figure 3.3B). The device more accurately captures and compares between speci�c

ratios of drugs due to the use of continuous gradients, whereas the discrete checkerboard

assays are spread more further apart. By having higher resolution in drug ratios, the device

is able to better recapitulate Loewe synergy in equipotent and non-equipotent mixtures of

drugs.

3.3.2 Analysispipelinecharacterizesdrugdose-responseandsynergyparameters

We tested the response of Jurkat cells to a combination of daunorubicin, vincristine, and

prednisolone, drugs commonly used in induction therapy for T-ALL. Using our paralleliza-

tion schema, all single-drug �ts were modeled by the Hill equation, and EC50 and Emax val-

ues were successfully calculated for each drug and drug combination (Figure 3.4). We also
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Figure 3.3: Comparison of device to checkerboard assay. A)Our device requires less
cells than a comparable 3-drug checkerboard assay. Accounting for dose-dependency of
drug response only requires adding additional parallelized devices, whereas checkerboard
assay requires an additional dimension of serial dilutions.B) Concentration space of mul-
tiple devices compared with a checkerboard assay. The continuous gradient allows for
high-resolution evaluation of ratio-dependent drug effects.

t

�tted Hill equations to each ternary zone corresponding to equipotent mixtures of the drugs.

We found that daunorubicin + vincristine and daunorubicin + prednisolone were antago-

nistic, while vincristine + prednisolone was weakly synergistic. The 3-way combination

overall was antagonistic, and the estimate from pairwise interactions was also antagonistic.

Interestingly, the drug pair with the highest antagonism (daunorubicin + vincristine) also

had the highest ef�cacy (smallest Emax).

3.3.3 Synergisticpotencyandef�cacy actin opposingdirectionsfor mostdrugpairs

To further investigate the relationship between synergistic potency and ef�cacy, we plotted

out relative synergy scores in potency and ef�cacy normalized as proportions over the ef-

fect of the most potent/ef�cacious single agent (Figure 3.5). For synergistic potency, we

use Log2-scaled FIC scores. Since FIC scores are ratios (i.e. FIC of 2 is double, 0.5 is

half), a log transformation centers the value around 0, and results in the scaling in either

direction to be proportionally equal. A left-shift denotes synergy while a right-shift denotes

antagonism, to match the visual shift in the dose-response curve. For synergy in ef�cacy,

we use the calculation for beta to scale the combination Emax as a proportion relative to
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Figure 3.4: Ternary zoning. Caption on next page.
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Figure 3.4: Ternary zoning for combination dose response �tting. A)Ternary plot with
various zones of interest for synergy calculations highlighted.B) Diagram of the synergy
calculation model for pairwise Loewe synergy based on DiaMOND methodology. EC50

values from Hill function �ts on the single drug �ts (yellow and blue highlights) are com-
pared against the EC50 values from the equipotent �t (green highlight).C) Single drug �ts
for daunorubicin, vincristine, and prednisolone. The Hill equation is well-characterized by
the dosing schema, and EC50 and Emax values are quanti�ed.D) Hill �ts for pairwise combi-
nations of daunorubicin, vincristine, and prednisolone. The colored vertical line represents
the actual measured normalized EC50, which is equivalent to the FIC. The dotted vertical
line represents the predicted FIC of 1 (additivity condition). The pairwise combinations
of daunorubicin+vincristine and daunorubicin+prednisolone are antagonistic, whereas vin-
cristine and prednisolone are synergistic.E) A geometric representation of how 3-way
synergy and pairwise prediction of 3-way synergy is calculated.F) Hill �t for the 3-way
combination of daunorubicin, vincristine, and prednisolone. The green vertical line repre-
sents the estimated FIC score based on the geometric mean of the pairwise FIC scores. The
brown vertical line represents the actual FIC score from the Hill �t. The dotted vertical line
represents the estimated FIC score for additivity condition estimated from dose normaliza-
tion to single drug �ts. Overall, the combination is antagonistic, and more antagonistic than
predicted from the pairwise synergy scores.

the Emax of the most effective single agent in the combination. A downwards shift repre-

sents synergy while an upwards shift represents antagonism, to represent the decreased or

increased viability used as our ef�cacy metric. Interestingly, synergy in potency and ef�-

cacy were often anti-correlated. Speci�cally, we observed that daunorubicin+vincristine as

well as the overall combination resulted in synergistic ef�cacy but antagonistic potency. In

contrast, vincristine+prednisolone was synergistic in potency, but antagonistic in ef�cacy.

Daunorubicin+prednisolone was antagonistic in both potency and ef�cacy. The metrics we

are use are fully orthogonal in dose-response space, so these �ndings suggest that synergy

and ef�cacy might come with potential trade-offs.

3.3.4 Synergyandef�cacy areuncorrelatedandratio-dependent

We wondered if these potentially opposing synergy and ef�cacy relationships were depen-

dent on relative ratio of drugs. We generated a regular hexagonal grid in ternary space,

generated Hill �ts, and calculated the FIC and Emax at each zone. The Log-scaled FICs and
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Figure 3.5: Synergy in potency and ef�cacy. A)Synergy in potency is de�ned as re-
quiring less drug to achieve the same decrease in cell viability. Visually, this is equivalent
to left-shifting the EC50. B) Synergy in ef�cacy is de�ned as greater change in viability
compared to that of single agents alone. Visually, this is equivalent to a decrease in Emax.
C) Synergy in potency is plotted as Log2-scaled FIC scores. Most combinations were
antagonistic, however, vincristine+prednisolone was slightly synergistic.D) Synergy in ef-
�cacy is plotted as beta scores. Many combinations had synergistic ef�cacy shifts opposite
to their synergistic potency shift; this was true for all combinations evaluated except for
vincristine+prednisolone, which was slightly antagonistic along both potency and ef�cacy
shifts.

Emax were plotted as ternary heatmaps. Overall, regions of high synergy do not correlate to

regions of high ef�cacy.

For pairwise interactions, we wondered if an optimal drug ratio which maximizes both

potency and ef�cacy of a combination could be determined. We plotted the potency and

ef�cacy as EC50 and Emax for differing ratios in pairwise combinations of the drugs tested.

This is equivalent to plotting along any of the edges of the ternary plot. Different com-

binations resulted in different optimal ratios. For daunorubicin + vincristine, the optimal

drug ratio that maximizes both potency and ef�cacy was the equipotent ratio. For daunoru-
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