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ABSTRACT

Pharmacological cancer therapy can lead to a range of outcomes, even among patients with

cancer in the same location, originating from same cell type, and with the same biomolecular

markers. Treatment heterogeneity is also reflected at the cellular level, where cells within

an individual tumor can exhibit discordant responses to a drug. This fractal nature of

cancer diversity has encouraged the development of hundreds of unique drugs and therapeutic

regimens, with the ambition of matching each patient to an ideal treatment option. The rich

space of possible treatments is infeasible to study en masse through clinical trials, motivating

the use of disease models to screen and hone in on promising candidates. Drug screening

must not only explore the large treatment space, but also extract rich measurements for

each condition to reflect nuanced pathophysiological processes. These two aspects often pull

experimental designs in opposite directions, constraining assays to explore few conditions in

detail (high-content analysis) or many conditions superficially (high-throughput screening).

Here, I describe the development, validation, and exploration of three technologies for

high-throughput and high-content drug screening. The first is a deep learning-powered soft-

ware tool, OrganoID, that analyzes microscopy images of patient-derived cancer organoids

to follow changes in organoid number, size, and shape in response to drug exposure. The sec-

ond technology, PicoScreen, enables computer-controlled screening of reagent combinations

in picoliter droplets with microscopy. Finally, in Screen-seq, a novel molecular barcoding and

microfluidic strategy measures transcriptomic responses of thousands of individual cells to

all possible combinations of multiple reagents under study. These technologies aim to make

screening methods more efficient, comprehensive, and information-rich, to expand our under-

standing of disease processes, such as cancer, and improve treatment options and selection

for patients.
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CHAPTER 1

INTRODUCTION

Many clinicians and scientists would concede that cancer is an impossible disease to cure.

Rather than reflecting a defeatist worldview, this perspective instead gives due credit to

the complexity of cancer. Cancer is a disease process characterized by the uncontrolled

growth of cells that are no longer constrained by Darwinian obligations to the body as a

whole. From this point-of-view, cancerous cells can be considered to have escaped from

being parts of a multicellular organism, and instead become more unicellular, boundlessly

consuming energy and reproducing as much as possible. Cancer can arise from virtually any

type of cell and through innumerable molecular mechanisms. It is understandable, then,

that characterizing (and eventually treating) an individual instance of cancer necessitates a

equally flexible approach.

Effective cancer treatment hinges on the ability to distinguish malignant cells from non-

malignant cells for extermination or removal. For many solid tumors, the distinction can

be made almost completely on a spatial basis through surgical excision or radiation ther-

apy focused on the mass and surrounding tissue. Yet for the majority of cancer cases, this

approach must be supplemented to completely eliminate the disease. Metastatic disease

and blood cancers are not confined to specific locations, delicate anatomical structures and

surgical risks may hinder safe resection of solid tumors, and clinical procedures may leave

behind residual malignant cells in microscopic margins around the treated region.

Complementary to these approaches are pharmacological treatments – such as chemother-

apy, immunotherapy, hormone therapy, and targeted therapy – that chemically induce harm-

ful responses in cancer cells. For example, cytotoxic chemotherapeutic agents block the

processes of DNA synthesis and mitosis, which are critical for cancer growth and survival.

Many healthy cells, however, also rely on these processes for tissue maintenance and it is this

nonspecificity that leads to the adverse effects of chemotherapy. Hair loss, gastrointestinal
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damage, a high risk of infection, fatigue, bleeding, and a host of other symptoms are direct

and common consequences of chemotherapy. These effects are ameliorated in targeted treat-

ments, which instead use small molecules to interfere with specific receptors and signaling

pathways. Similarly, antibody-based therapies recognize particular biomarkers on cancer

cells to guide the delivery of cytotoxic drugs or label them for destruction by the immune

system. Yet while these modern therapies have considerably improved patient outcomes and

quality-of-life, cancer remains, in unfortunately many cases, quite difficult to treat. Many

tumors do not exhibit viable molecular targets. Small populations of malignant cells may

be less responsive to particular drugs, and can regrow into resistant disease after initial

treatment – a process akin to the emergence of antibiotic resistance in bacterial infections.

The molecular differences between healthy and diseased tissue are subtle and heteroge-

neous, which has prompted the development of hundreds of drug treatments to cover the

varieties. Different drugs are often administered together to make treatment more tolerable,

effective, and comprehensive. Combination therapies that include drugs with orthogonal

mechanisms of action can have a wider therapeutic window, with effects that combine con-

structively and specifically on diseased cells. Malignant cells may employ several redundant

systems for continued growth and survival, which can be disrupted simultaneously through

a combination approach. The use of multiple drugs in tandem can also address the challenge

of drug resistance, as a cancer cell is putatively less likely to be resistant to several types of

drugs at once.

Combination therapy is a powerful strategy to overcome the central limitations of phar-

macological cancer treatment, however there are a staggering number of options available,

and only some of which might be efficacious for a given patient. These treatments are devel-

oped through layers of iterative clinical trials, where components are added to or modified in

best-practice regimens and compared for efficacy in randomized groups of patients. However,

the full space of treatment possibilities, 2N in the number of drugs, is clearly infeasible to
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explore en masse through this approach. As well, the inconsistency in treatment outcomes

among patients with seemingly identical cancers has prompted the designation of disease

subpopulations, each of which must be studied to identify effective therapies.

High-throughput screening on laboratory models of disease, including cell lines, xenografts,

organoids, and cell-free systems, can expedite the exploration process and hone in on promis-

ing therapeutic combinations for further investigation. Critical to the design of these assays

is the choice of response to be measured. Scalar responses, such as cell growth, necrosis, or

metabolic activity, can be easily quantified with molecular dyes and probes; however, these

measurements may miss other important endpoints and mechanisms of the drugs under

study. As such, high-throughput tools are complemented by high-content analysis, whereby

many detailed responses are obtained for a smaller set of conditions. Assay designs must

often prioritize either content or throughput, which slows the research cycle.

The research presented in this dissertation largely concerns the design, development,

and validation of cancer drug screening tools that help balance content and throughput to

examine the detailed effects of multiple treatment conditions on in vitro and ex vivo disease

models. These methods rely heavily on the fields of microfluidics, single-cell sequencing, and

deep learning, and I provide a brief background of the relevant topics in Chapter 2. Chapter 3

describes OrganoID, a deep-learning software system that analyzes high-throughput organoid

experiments to extract high-content morphological measurements. In Chapter 4, I share

PicoScreen, a microfluidic platform that leverages multiplexed membrane valves to emulsify

controlled mixtures of reagents into picoliter droplets, and store the droplets in an ordered

grid. Lastly, in Chapter 5, I describe Screen-seq, a molecular and microfluidic strategy to

efficiently measure the transcriptomic effects that different drug combinations can induce in

cancer cells. Together, the resources and results presented in this dissertation contribute to

the effort to understand cancer, through its many levels of complexity, and bring effective

and tolerable treatments to patients.
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CHAPTER 2

TECHNICAL BACKGROUND

2.1 Automated image analysis

A two-dimensonal (2D) computer image is a rectangular grid of pixels, where each pixel is an

integer or a floating-point (decimal) number. In the most familiar case, the numeric value of

each pixel corresponds to a color, so that the image encodes a digitized version of real-world

imagery. Image analysis aims to extract meaningful information from computer images in

order to accomplish a particular task – such as identifying numbers and letters on license

plates, object tracking for industrial assembly lines, face recognition on smartphones, and

so on. There are many algorithms and computational strategies to automate this process,

so that minimal human intervention is required. This section covers a handful of these

approaches that are particularly relevant to the research described in Chapter 3.

2.1.1 Image segmentation

A critical step in image analysis is to group pixels that are (or are not) relevant to solving the

problem at hand. This step is commonly called image segmentation, where a numeric label

is assigned to each pixel so that pixels with the same label share an important characteristic

or feature. In a chest X-ray photo, for example, pixels that correspond to the heart can be

assigned the number 1, pixels that correspond to the lungs can be assigned the number 2,

and all other pixels can be assigned the number 0.

The distinction between foreground and background is perhaps the most common image

segmentation process, so that superfluous information can be discarded before further anal-

ysis. A simple, yet robust, approach is to set a numeric threshold that splits pixel values

into foreground and background groups. This threshold can be fixed for the entire image,

as determined with approaches such as Otsu’s method [1], or can be designed to vary across
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Figure 2.1: Examples of image analysis operations. An image can be thresholded
with algorithms such as Otsu’s method [1] to distinguish objects, or transformed with con-
volutional operators, such as with the Sobel edge detector [3], to emphasize or suppress
particular features.

the image according to trends in smaller pixel "neighborhoods" [2]. Foreground detection

methods in image segmentation produce black-and-white (binary) images, sometimes also

called masks, where white and black pixels correspond to foreground or background objects

(Figure 2.1).

2.1.2 Morpology and transformations

A toolbox of algorithms based on the field of mathematical morphology have been developed

to work with binary images and refine the quality of thresholding [4]. Morphological oper-

ations sweep a predefined shape (structuring element) across the entire image, emphasizing

or suppressing regions that match or fail to match the structure. For example, the use of a

7x7 circular structuring element in a binary erosion operation will remove white pixels that

do not conform to the curvature of a 7-pixel-diameter circle. Conversely, a binary dilation

operation with the same structuring element will add white pixels in order to fit the con-

tour of a 7-pixel-diameter circle. These steps can be composed together to form a binary

opening (erosion then dilation) or a binary closing (dilation then erosion), which can remove

small holes, gaps, or white clusters that do not conform to the structuring element used.

Altogether, morphological operations are powerful and flexible methods to refine segmented
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images for specific downstream processing tasks.

Mathematical filters and transformations can be applied to images to manipulate and

convert representations. The morphological operations discussed above are examples of

manipulations within the binary representation of an image, however there is a much broader

arsenal of options for image processing. The distance transformation operates on a binary

image, computing the distance for each black pixel to the nearest white pixel and storing

the result in a new decimal-valued image [5]. The watershed transformation interprets a

grayscale image as a topographical map, identifying the boundaries (ridges) between specific

minima (valleys) [6]. The Hough transformation identifies specific shapes in an image with

a per-pixel voting procedure [7]. An image convolution applies a sliding-window filter to

groups of pixels, computing the weighted sum for each position. For example, the use of a

Gaussian filter will produce a blurred version of the original image. The filters used in the

Sobel transformation approximate the partial derivatives of an image, to highlight regions

with high contrast (edges) [3] (Figure 2.1).

Image transformations are rarely applied in isolation and are instead chained together

to form a processing "pipeline" that performs a more general task. A classic example is

the Canny edge detector, which uses a Gaussian filter followed by a derivative-estimating

convolution (e.g. the Sobel transformation) and then a thresholding operation to produce

a binary image that identifies object edges [8]. These edges can be further refined with

morphological operations to identify the shapes of individual objects. Image processing

pipelines can be constructed iteratively, by selecting operations and parameters by hand to

extract the desired information, and offer immense flexibility to solve diverse sets of problems.

2.1.3 Convolutional neural networks

Convolution transformations are particularly powerful and flexible tools in image processing,

and the choice of filter can have a wide range of effects on the resulting image. Furthermore,
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as each filter can take on any value and be composed together in any order, there is an

effectively infinite number of possibilities to use. Machine learning algorithms can be used to

optimize convolution-based image processing pipelines to both produce results that closely

match handcrafted examples and generalize to new sets of data. A convolutional neural

network is an image processing pipeline that relies on several layers of convolution operations,

but extends these with additional pipeline steps that can capture nonlinear features (recall

that a convolution is effectively a weighted sum, or linear combination of an image) [9]. For

example, a nonlinear activation function is applied to the results of each operation before

continuing forward in the pipeline.

Training a convolutional neural network refers to the process of optimizing the parameters

of each convolutional layer to minimize a loss function, which is designed to produce a

continuously differentiable metric of the model’s performance. The partial differentiability of

this function is criticial to determine the direction and magnitude of parameter updates that

will improve the model (the gradient). While optimization on a closed-form differentiable

function is analytically straightforward, convolutional neural networks are often functions

of thousands or millions of arguments with no closed-form expression. Data sets similarly

must contain thousands or millions of examples, each of which must be evaluated through

the differentiated loss function to compute the gradient. Furthermore, the loss function will

often have many local minima or saddle points across the model configuration space, which

can "trap" solutions in suboptimal states. Accordingly, many network training methods

(sometimes called optimizers) have been developed as variants of stochastic gradient descent

algorithms, which can estimate the high-dimensional gradient with low computational burden

and escape small local optima or saddle points [9, 10]. The starting configuration of network

parameters can also have a profound impact on the converged solution, and various strategies

have been developed here, too, to initialize and sample from several likely positions.

Because a convolutional neural network needs to be trained on example images, it is
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quite likely that, at a certain point, the model begins to prioritize performance on the spe-

cific examples rather than the problem as a whole. This phenomenon is called overfitting,

and can be intuitively understood as the model "memorizing" the training data. To combat

overfitting, the dataset of examples is typically split into two groups – one to use for the

mathematical optimization process (the training dataset), and the other to monitor perfor-

mance on new examples (the validation dataset). Early in the training process, performance

on both datasets should comparable, albeit moderate. However, as the network becomes

more and more optimized for the training dataset, it will produce comparatively worse re-

sults for the validation dataset. When this junction is detected, the training process should

be stopped and finalized, as further optimization will only produce a model that is more

fit to the specific examples. Complementary strategies, such as model structure and sim-

plification, dropout layers [11], or regularization penalties [12], can be used to additionally

limit overfitting. Lastly, the design of a machine learning pipeline will likely go through

several iterations as the data scientist hones in on an ideal configuration. The number of

convolution operations, the size of each update during gradient descent, and the selection

of regularization strategies are all examples of hyperparameters – properties of the model

that are not optimized by the learning algorithm, but by the designer themself. As such,

these hyperparameters are also subject to the risks of overfitting and must be evaluated

with yet another independent dataset (the testing dataset) that, once used, restricts further

modifications to the model [13].

2.2 Microfluidics

The field of microfluidics is, perhaps obviously, characterized by the manipulation of small

volumes of fluid. This discipline is important for a range of applications, from chemical syn-

thesis to inkjet printing, but is particularly relevant to cellular and molecular biology, which

are inherently concerned with microscopic phenomena. Microfluidic devices (or "chips") are

8



Figure 2.2: A microfluidic device. Microfluidic devices contain micron-scale embedded
channels and chambers to manipulate fluids. Cells can be cultured on these devices for
analysis with microscopy (shown in inset). Adapted from [18] with permission.

fabricated to contain embedded channels, chambers, pumps, and other functional elements

[14, 15] (Figure 2.2) – just as electronic devices are built from conductive wiring, capacitors,

batteries, and so on. These devices can be loaded with cells, signaling molecules, drugs, or

other organic substances to study and manipulate small-scale biological systems [16]. For

example, next-generation sequencing platforms use microfluidic devices (called flow cells)

to capture DNA fragments and automate the steps of sequencing-by-synthesis [17]. This

section describes several important aspects of microfluidics that are heavily involved in the

work of Chapter 4 and Chapter 5.

2.2.1 Device fabrication

Microfluidic devices can be fabricated from polydimethylsiloxane (PDMS), a transparent

silicone polymer that is non-toxic to cells [16]. PDMS is commonly derived from a viscous

liquid of monomers that, when mixed with a crosslinking reagent and heated, solidifies to
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form a flexible solid. A versatile strategy for PDMS device fabrication is soft lithography, in

which the viscous PDMS is poured on top of a mold, or relief, of the device to be fabricated

[19]. The PDMS is cured on the mold and then peeled off, retaining the negative relief, and

the mold can then be reused to produce more PDMS-based devices. At this stage, millimeter

pinholes are typically punched out of the device for later connections to external tubing.

The grooves in the PDMS slab formed from soft lithography will act as the "ceiling"

and "walls" of microfluidic channels; however, the slab must be bonded to a separate surface

that will form the channel "floor" and seal the device. This substrate is typically borosilicate

glass, however PDMS can also be bonded to plastics, metals, or even other slabs of PDMS.

Among several bonding methods that can be used, such as thermal or chemical bonding,

plasma bonding is a particularly robust and effective process [20]. In plasma bonding, the

PDMS device and bonding substrate are placed in a vacuum chamber, which is evacuated

and then filled with pure oxygen gas. An electromagnetic coil is then activated to ionize the

oxygen and form a plasma, which attacks the substrates in the chamber to form reactive

groups, such as hydroxyls and free radicals. By pressing the activated surfaces together,

covalent bonds will form, permanently sealing the final device.

Through soft lithography, PDMS will closely conform to the shape of the designed mold.

As such, the precision of a microfluidic device is largely determined by the mold fabrication

process. Microfluidic molds are typically fabricated, in turn, by photolithography proce-

dures borrowed from the semiconductor industry [21]. In photolithograpy, a light-reactive

viscous liquid (called a photoresist) is spun onto a silicon wafer at a high speed to form

a uniform layer of sub-millimeter thinness. When a "negative" photoresist is exposed to

light of a particular wavelength, it will crosslink together into a rigid solid. The unreacted

photoresist can then be dissolved and washed off of the wafer. In contrast, a "positive" pho-

toresist weakens upon exposure for easy removal by the appropriate solvent. By exposing the

coated wafer to a masked or rasterized laser pattern and "developing" the wafer in a solvent,
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micron-resolution features can be produced on a silicon wafer in solidified photoresist. In

semiconductor fabrication, these photoresist patterns are typically used to resist the action

of harsh etching agents (hence the name), which engrave the pattern in the wafer. In soft

lithography, however, these photoresists are used as the relief themselves for the final mold.

2.2.2 Droplet microfluidics

Microfluidic devices can be used to isolate individual cells, which makes them especially use-

ful for single-cell analysis [22, 23]. In droplet-based microfluidic devices, a flowing channel of

cells in media converges on a channel that contains oil, which generates a stream of identical

droplets at the junction of the immiscible fluids. Each droplet serves as a self-contained

reaction vessel, isolated from its neighbors, analogous to the wells of a microtiter plate.

Moreover, if the sample of cells is made sufficiently dilute, most droplets will be empty, a few

will contain a single cell, and virtually none will contain more than one cell [24]. This phe-

nomena is well-defined, closely following the Poisson distribution for independent events with

a known mean (the concentration of cells divided by the volume of each droplet). Perhaps

most impressively, droplets can be stably generated at kilohertz rates, producing hundreds of

independent cell-containing chambers per second [25]. The throughput that is possible with

droplet microfluidics makes it an indispensable tool for cellular and biomolecular research.

2.2.3 Membrane valves

Microfluidic devices can also be designed with integrated valves to precisely control the flow

of reagents [26]. To form a microfluidic valve, two flat layers of PDMS with embedded

microchannels are stacked on top of one another and bonded together. In this architecture,

the ceiling of one channel serves as the floor of the other – a thin membrane of PDMS that

separates the the two. The PDMS membrane is highly flexible, and can be deflected in

either direction based on the pressure difference of the two channels. Typically, the channels

11



Figure 2.3: A microfluidic membrane valve. Valves can be integrated into microfluidic
devices with two-layer soft lithograpy. A thin membrane of PDMS (red) is fabricated between
two bonded channels, one for the flow of reagents (blue), and the other for valve control
(beige). The membrane can be deflected into either channel based on the difference in
pressure, forming a reversible seal. The flow channel at the valve intersection is designed to
have a rounded cross-section to ensure complete valve closure.

in one layer are designated for the flow of reagents (flow channels), while channels in the

other are used to control the pressure difference across the membrane (control channels).

By applying a high pressure to a channel of the controlling layer, the membrane will be

reversibly deformed to completely seal the opposing channel, functioning as a microfluidic

valve (Figure 2.3).

Membrane valves are powerful building blocks that can be used to pump, mix, and route

reagents to specific channels and chambers on a microfluidic chip [15, 27]. Valve actuation

can be achieved by hand, such as compressing a syringe of air connected to each valve

channel. Alternatively, external electronic solenoids can be used to actuate pressurization

under the control of computer software to automatically carry out programmed experiments

and operations.

The arrangement of valves in a microfluidic chip can be configured to perform tasks be-

yond control of flow in a single channel. Multiple valves can be chained together across one

channel and actuated in a specific sequence to pump fluids at accurate volumetric flow rates

through peristalsis [27]. A single valve can also span many channels, effectively "multiplex-

ing" the valve control signal to manipulate multiple channels at once [15]. By combining
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several multiplexed valves together, a large number of flow channels can be addressed with

far fewer control channels.

2.3 Single-cell transcriptomics

The phenotype of a cell describes its behavior amidst a busy environment of chemicals, ra-

diation, and other forms of stimuli. By definition, cells with different phenotypes exhibit

different responses to the same condition. Phenotypes are not fixed over the lifetime of a cell,

and the term "cell state" is often used to capture this dynamic quality [28–30]. The state of a

cell determines if it should secrete cytokines, divide uncontrollably, or undergo programmed

death. Cell state is determined by functional elements, such as proteins or non-coding RNA,

that drive cellular behaviors and responses. The responsibilities of proteins in cellular activ-

ity and maintenance have been particularly well-characterized, such as signal transduction,

scaffolding, and metabolism [31–33]. As such, the composition of proteins that are expressed

in a cell is one useful description of its overall state. Upstream of protein production and

regulation is messenger RNA (mRNA), so-named as the intermediate component facilitating

information exchange from the genome to the ribosome. While mRNA is one degree further

from cellular activities than proteins, it contains a consistent and distinct structure, namely

the polyadenylated (poly-A) region at its tail end, that makes it much easier to capture, pu-

rify, and measure [34]. The set of mRNA molecules in a cell is referred to here as the cellular

transcriptome, and is another useful way to characterize the state, and hence phenotype, of

a cell [35–37].

There are several methods to measure the transcriptome [35, 37, 38]. Biased approaches,

such as cDNA microarrays, use synthetic oligonucleotide probes to quantify the abundance

of specific mRNA molecules that contain known complementary sequences. In contrast,

RNA sequencing directly detects the sequence of nucleotides present in a sample, without

requiring any prior knowledge of the genome. Sequencing can provide more precise, flexible,
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and comprehensive transcriptomic measurements [34], including the detection of unforeseen

alternatively spliced transcripts [39]. In mRNA sequencing, substrate-attached polythymi-

dine (poly-T) oligomers are used to bind to the poly-A tail of mRNA molecules, so that they

can then be chemically or magnetically purified from any non-messenger RNA in the sample

[40]. Viral reverse transcriptases (RT) convert the captured RNA to more stable cDNA,

which can then be amplified through polymerase chain reaction (PCR) – a process together

referred to as RT-PCR. Finally, the amplified products are fragmented and analyzed through

standard DNA sequencing methods.

In bulk RNA sequencing, the mRNA from many cells is collected and sequenced together,

which can be useful to characterize transcriptomic features shared among cells in a partic-

ular tissue. However, as discussed, cellular behaviors can vary even among cells from the

same tissue or of the same histological type; these phenomena are obscured in bulk assays,

which produce population-averaged measurements [41–43]. This limitation has motivated

the development of single-cell RNA sequencing technologies (scRNA-seq) to reveal the het-

erogeneous states of individual cells. Many of the first scRNA-seq methods to be developed

rely on cell sorters to distribute individual cells into separate wells of a microplate [44–

47]. In these approaches, each well is also loaded with a unique PCR primer and amplified

in parallel, so that the cDNA sequences of released mRNA molecules are appended to an

oligonucleotide "barcode" that corresponds to a single well and, hence, a single cell. The

amplified molecules are then pooled and sequenced together as in bulk methods; however,

now each cDNA read is accompanied by its molecular barcode, which can be used to group

reads together and assemble the transcriptome for each cell.

Plate-based scRNA-seq methods can measure hundreds of cells in an assay, however even

this is thousands of times less than the number of cells in a cubic millimeter of tissue.

As such, rare cell types may be lost among the majority and not captured due to limited

scalability of well plates and microliter pipetting. These limitations have encouraged the
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integration of other experimental strategies, such as droplet microfluidics [22, 23], to reach

higher orders of magnitude in single-cell assays. In droplet sequencing, each cell is isolated

in an individual droplet that contains membrane-lysing reagents and a microscopic bead

coated with poly-T oligomers to capture the released mRNA [48, 49]. The oligomers also

contain a region with a nucleotide sequence that is unique to each bead, as well as a universal

primer sequence for mRNA amplification with RT-PCR. Through this strategy, the resulting

cDNA molecules will include a sequence (a molecular barcode) that is shared only with other

molecules amplified from the same bead. The cDNA library can now be pooled and sequenced

in bulk. Because virtually no droplets contain more than one cell, reads that contain the

same molecular barcode can be confidently assumed to have come from the the same single

cell [24].
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CHAPTER 3

A VERSATILE DEEP LEARNING PLATFORM FOR

TRACKING AND ANALYSIS OF ORGANOID DYNAMICS

3.1 Summary

Organoids have immense potential as ex vivo disease models for drug discovery and person-

alized drug screening. Dynamic changes in individual organoid morphology, number, and

size can indicate important drug responses. However, these metrics are difficult and labor-

intensive to obtain for high-throughput image datasets. Here, we present OrganoID, a robust

image analysis platform that automatically recognizes, labels, and tracks single organoids,

pixel-by-pixel, in brightfield and phase-contrast microscopy experiments. The platform was

trained on images of pancreatic cancer organoids and validated on separate images of pancre-

atic, lung, colon, and adenoid cystic carcinoma organoids, which showed excellent agreement

with manual measurements of organoid count (95%) and size (97%) without any parameter

adjustments. Single-organoid tracking accuracy remained above 89% over a four-day time-

lapse microscopy study. Automated single-organoid morphology analysis of a chemotherapy

dose-response experiment identified strong dose effect sizes on organoid circularity, solidity,

and eccentricity. OrganoID enables straightforward, detailed, and accurate image analysis to

accelerate the use of organoids in high-throughput, data-intensive biomedical applications.

3.2 Project Background

Organoids are multicellular three-dimensional (3D) structures derived from primary or stem

cells that are embedded into a biological matrix to create an extracellular environment that

provides structural support and key growth factors. Organoids closely recapitulate cellular

heterogeneity, structural morphology, and organ-specific functions of a variety of tissues,
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which improves modeling of in situ biological phenomena compared to traditional monolayer

cell cultures [1]. Live-cell imaging can reveal important features of organoid dynamics, such

as growth, apoptosis/necrosis, movement, and drug responses, which can reflect physiological

and pathological events such as organ development, function, infarction, cancer, and infection

[2–7].

While organoids have been successfully used to investigate important phenomena that

might be obscured in simpler models, their use in data-intensive applications, such as high-

throughput screening, has been more difficult. A major challenge for organoid experiments

is drug-response measurement and analysis, which must be performed for a large number

of microscopy images. Image analysis is particularly difficult for organoid experiments due

to the movement of organoids across focal planes and variability in organoid size and shape

between different tissue types, within the same tissue type, and within the same single

culture sample [8, 9]. Several recently developed organoid platforms, while powerful, rely

on per-experiment or per-image tuning of brightfield image analysis parameters [10–12], or

require manual labeling of each image [7, 13, 14], which limits experiment reproducibility

and scale. Organoids can be fluorescently labeled to aid in image segmentation and tracking,

such as through genetic modification for fluorescent protein expression [15–17], cell fixation

and staining [10, 16], or the use of membrane-permeable dyes. However, these approaches

may alter intrinsic cellular dynamics from original samples [18, 19], limit measurements

to endpoint assays, or cause cumulative toxicity through longer growth times and limited

diffusion through the hydrogel matrix [20]. There is a critical need for an automated image

analysis tool that can robustly and reproducibly measure live-cell organoid responses in high-

throughput experiments without the use of potentially toxic or confounding fluorescence

techniques.

A number of software tools have been developed to automate the process of brightfield and

phase-contrast organoid image analysis. These platforms use conventional image processing
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methods, such as adaptive thresholding and mathematical morphology [21], or convolutional

neural networks [22–24] to identify organoids in sequences of microscopy images. Despite

their advantages, many existing platforms require cellular nuclei to be transgenically labeled

[23], which increases experiment time and complexity and may modify cellular dynamics.

Other existing platforms require manual tuning of parameters for each image [21], focus

on single-timepoint analysis [24], only provide population-averaged (bulk) measurements

without single-organoid resolution, or are limited to bounding-box detection [22], which fails

to capture potentially useful morphological information at the individual organoid level.

Changes in organoid shape, such as spiking or blebbing, can reveal important responses to

external stimuli and might be missed with bounding-box measurements [25]. Many of these

existing platforms were also developed for the analysis of organoids derived from a single

type of tissue and for images obtained with one specific optical configuration, precluding

their use across different experimental settings.

To address these challenges, we have developed a software platform, OrganoID, that can

identify and track individual organoids in a population derived from a wide range of tissue

types, pixel by pixel, in both brightfield and phase-contrast microscopy images and in time-

lapse experiments. OrganoID consists of (i) a convolutional neural network, which detects

organoids in microscopy images, (ii) an identification module, which resolves contours to

label individual organoids, and (iii) a tracking module, which follows identified organoids

in time-lapse imaging experiments. Most importantly, OrganoID was able to accurately

segment and track a wide range of organoid types, including those derived from pancreatic

ductal adenocarcinoma, adenoid cystic carcinoma, and lung and colon epithelia, without cell

labeling or parameter tuning. The OrganoID software overcomes a major hurdle to organoid

image analysis and supports wider integration of the organoid model into high-throughput

applications.
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3.3 Design and Implementation

3.3.1 A convolutional neural network for pixel-by-pixel organoid detection

We developed a deep learning-based image analysis pipeline, OrganoID, that recognizes and

tracks individual organoids, pixel by pixel, for bulk and single-organoid analysis in brightfield

and phase-contrast microscopy images (Figure 3.1a). The platform employs a convolutional

neural network to transform microscopy images into organoid probability images, where

brightness values represent the network belief that an organoid is present at a given pixel.

The network structure was derived from the widely successful u-net approach to image

segmentation [26] (Figure 3.1b). The u-net approach first passes each image through a

contracting series of multidimensional convolutions and maximum filters to extract a set of

deep feature maps that describe the image at various levels of detail and contexts, such as

edges, shapes, and textures. The feature maps are then passed through an expanding series

of transposed convolutions, which learn to localize the features and assemble a final output.

The OrganoID neural network follows the u-net structure and was optimized to require

far fewer feature channels than the original implementation, as a reduction in trainable model

parameters limits overfitting and minimizes the amount of memory and computational power

required to use the network in the final distribution [27]. The original u-net implementation

uses 64 filters in the first layer, which results in quite a large number of trainable parameters

across the full network (over 30 million) [26]. We sequentially reduced the number of filters in

the first layer by powers of two to reach a minimal value that preserved performance on the

validation dataset (validation mean IOU was 0.088 for 8 filters in the first layer, compared

to 0.098 for 4 filters and 0.1 for 16 filters). The final OrganoID u-net structure uses only 8

filters in the first layer, which results in a network structure with less than 500,000 trainable

parameters (a 98% reduction compared to the original implementation). All convolutional
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Figure 3.1: Architecture and evaluation of the OrganoID platform and neural
network. (a) The OrganoID software automates robust analysis of organoid microscopy
images. Contours are detected pixel by pixel and then separated into distinct organoids
for bulk or single-organoid analysis. Identified organoids can also be tracked across time-
lapse image sequences to follow responses over time. (b) Microscopy images are processed
by a convolutional neural network to produce images that represent the probability that an
organoid is present at each pixel. The network follows the u-net architecture, which applies a
series of two-dimension convolutions, maximum filters, and image concatenations to extract
and localize image features. Feature channel depths were minimized to limit overfitting and
computational power required to use the tool. Scale bar 100 µm. (c) The intersection-over-
union (IOU) metric, defined as the ratio of the number true positive pixels to the union
of all positive pixels, was used to measure the quality of the neural network detections. To
compute the IOU, pixels above 0.5 in the network prediction image were marked as positives.
Examples of IOU values for several degrees of overlap are shown. (d) A representative set of
images of different organoid types from the test dataset are shown with the corresponding
OrganoID detections. Detections are overlayed on top of ground truth measurements and
colored according to the schema in (c). The mean and standard deviation of IOU for images
of each organoid type in the test dataset are also shown. Scale bar 100 µm.
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neurons were set to compute outputs with the exponential linear unit activation function,

which has been previously shown to produce higher accuracy than the rectified linear unit

(ReLU, used in the original u-net implementation) and avoid vanishing gradient problems

during network training [28]. Neurons in the final convolutional layer were set with a sigmoid

activation function to produce a normalized output that corresponds to the probability that

an organoid is present at each pixel in the original image. All images are automatically

contrasted and resized to 512x512 pixels before training and inference. Python was used

for the entire OrganoID platform and Keras (a neural network interface for the TensorFlow

software library) was used for network expression, training, and operation.

An original dataset of 66 brightfield and phase-contrast microscopy images of organoids

were manually segmented to produce black-and-white ground truth images for network train-

ing (52 image pairs) and validation (14 image pairs) (S1a Fig). Each image featured 5 to

50 organoids derived from human pancreatic ductal adenocarcinoma (PDAC) samples from

two different patients. Organoids were either grown on a standard tissue culture plate or on

a microfluidic organoid platform [29]. To teach the network that segmentations should be

independent of imaging orientation, field of view, lens distortion, and other potential sources

of overfitting, the training dataset was processed with the Augmentor Python package [30]

with random rotation, zoom, elastic distortion, and shear transformations to produce an aug-

mented set of 2,000 images for training (S1b Fig). The neural network was trained on this

dataset with the Adam stochastic optimization algorithm [31] at a learning rate of 0.001.

Unweighted binary cross-entropy between predicted and ground-truth segmentations was

used for the loss function. Layer weights were initialized with the He method [32]. An early

stopping rule was used to halt training once performance on the validation dataset reached

a minimum (i.e. once 10 epochs pass with no improvement in validation loss). The batch

size was set to train on 8 augmented images for every round of backpropagation. Dropout

regularization was introduced after all convolutions to randomly set 12.5% of neuron weights
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to zero after each batch. After each epoch, a copy of the model was saved for additional

evaluation of the training process

3.3.2 Identification of individual organoids with diverse morphology and size

The convolutional neural network detects organoids in an image on a pixel-by-pixel basis,

which can be used to measure bulk responses. For single-organoid analysis, pixels must be

grouped together to identify individual organoids. This task is straightforward for isolated

organoids, where all high-belief pixels in a cluster correspond to one organoid, but is more

difficult for organoids that are in physical contact. To address this challenge, we developed an

organoid separation pipeline (Fig 2a) that uses the raw network prediction image to group

pixels into single-organoid clusters. Conventionally, neural network image segmentation

methods set an absolute threshold on predicted pixels to produce a binary detection mask.

This approach is effective but discards useful information about the strength of predictions.

The segmentations that were used to train the neural network were produced with a 2-pixel

boundary between organoids in contact that follows the contour of separation. As a result,

the network predictions were marginally less confident about pixels near organoid boundaries

(Fig 2a). We took advantage of this phenomenon to identify organoid contours with a Canny

edge detector [33], an image transformation which (i) computes the partial derivative of pixel

intensity to identify high-contrast areas, (ii) blurs the image to smooth noisy regions, and

(iii) applies a hysteresis-based threshold to identify locally strong edges. Edges are removed

from the thresholded prediction image to mark the centers of each organoid. These centers

are then used as initializer basins in a watershed transformation [34], an algorithm inspired

by the filling of geological drainage basins that is used to segment contacting objects in an

image. The image is further refined to remove organoids that may be partially out of the

field-of-view or below a particular size threshold. The pipeline outputs a labeled image,

where the pixels that represent an individual organoid are all set to a unique organoid ID
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number, which can be used for single-organoid analysis (Fig 2a).

The scipy [35] and scikit-image [36] packages were used to identify individual organoids

from the network detection images. Detection images were thresholded at 0.5 and passed

through a morphological opening operation to remove weak and noisy predictions. Partial

derivatives were computed with a Sobel filter, passed through a Gaussian filter (σ = 2), and

converted to an edge mask with a hysteresis threshold filter (Thi = 0.05, Tlo = 0.005), which

was then was used to mark organoid centers. The watershed method was used to identify

filled organoid contours, with the organoid centers as label initializers and the network

prediction image as an inverted heightmap. Labeled organoids were morphologically filled

and discarded if the total area was below 200 pixels. Images were morphologically processed

with scikit-image to record properties of identified organoids.

3.3.3 Automated organoid tracking in time-lapse microscopy experiments

OrganoID was also developed with a tracking module for longitudinal single-organoid anal-

ysis of time-course imaging experiments, where changes in various properties of individual

organoids, such as size and shape, can be measured and followed over time. The central

challenge for the tracking module is to match a detected organoid in a given image to the

same organoid in a later image. The OrganoID tracking algorithm builds a cost-assignment

matrix for each image in a time-lapse sequence, where each row corresponds to an organoid

tracked from a previous image and each column corresponds to an organoid detected in the

current image. Each matrix entry is the cost of assigning a given organoid detection in the

current image to a detection in the previous image. The cost function was defined as the in-

verse of the number of shared pixels between the two organoids. As such, the assignment cost

between two detections will be minimal for those that are of similar shape and in a similar lo-

cation. The cost-assignment matrix is also padded with additional rows and columns to allow

for “pseudo-assignments” that represent missing or newly detected organoids. Finally, the
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Figure 3.2: OrganoID can identify individual organoid contours, including those
in physical contact. (a) An example image (left) is shown to demonstrate the steps of
single-organoid identification. The neural network predictions (second-from-left) are observ-
ably less confident for pixels at organoid boundaries (enlarged view, indicated with white
arrows), which enables edge detection with a Canny filter (second-from-right). Edges are
used to identify organoid centers, which serve as basin initializers for a watershed transfor-
mation on the prediction image to produce a final single-organoid labeled image (right). (b)
The identification pipeline was used to count the number of organoids in images from the
test dataset. These counts were compared to the number of organoids in the corresponding
manually segmented images. The concordance correlation coefficient (CCC) was computed
to quantify measurement agreement (left). Bland-Altman analysis (right) demonstrates low
measurement bias and limits of agreement. Black dots are test images. Green line in the
left plot is y=x. (c) The area of each organoid in all test images was also measured man-
ually and with OrganoID. Measurements were compared with CCC computation (left) and
Bland-Altman analysis (right). Black dots are identified organoids. (d) Identified organoids
in time-lapse microscopy images are matched across frames to generate single-organoid tracks
and follow responses over time. Shown are images of three timepoints from an organoid cul-
ture experiment. (e) Automatically measured growth curves for a selected set of organoids
from the experiment in (d).
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Munkres variant of the Hungarian algorithm [37] was used to minimize the cost-assignment

matrix to find an optimal matching between organoid detections in the previous image and

the detections in the current image. This approach produces organoid “tracks” for unique

organoids in time-lapse images.

3.4 Results

Network training halted after 37 epochs, when segmentation error (binary cross-entropy)

on the validation dataset converged to a minimal value (S1c Fig and S1 Video). After hy-

perparameter tuning, the final model performance was assessed on a novel PDAC organoid

testing dataset, previously unseen by the network. Performance was quantified with the

intersection-over-union (IOU) metric, which is defined as the overlap between the predicted

and actual organoid pixels divided by their union (Fig 1c). An IOU greater than 0.5 is gener-

ally considered to reflect a good prediction [38,39] and we chose this value to be the minimal

benchmark for satisfactory model performance. All PDAC images passed the benchmark,

with a mean IOU of 0.74 (SD = 0.081) (S2 Fig).

Because the network was trained and assessed solely with images of PDAC organoids, we

were also curious to evaluate its capacity to generalize to organoids derived from non-PDAC

tissues. Microscopy images of organoids derived from lung epithelia, colon epithelia, and

salivary adenoid cystic carcinoma (ACC) were manually segmented (6 images for each tissue

type). The OrganoID network passed the benchmark for all of these non-PDAC images,

with a mean IOU of 0.79 (SD=0.096) (S2 Fig). Additionally, 19 images of organoids derived

from mouse small intestine were segmented and evaluated with the model and passed the

benchmark with a mean IOU of 0.70 (SD=0.15). These results support the potential of the

OrganoID neural network to generalize to organoids from various tissues of origin without

parameter tuning (Fig 1d). However, 3 images of mouse small intestinal organoids did

not pass the benchmark, which suggests a limit to this generalizability. To demonstrate
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how performance can be improved on novel datasets, a copy of the neural network was

additionally trained on a subset of mouse small intestinal organoid images. This retrained

network showed considerable improvement on a test dataset of mouse intestinal organoids

with a mean IOU of 0.82 (SD=0.09) while maintaining performance on the original test

dataset with a mean IOU of 0.76 (SD=0.10) (S2 Fig).

The network was also evaluated for appropriate exclusion of non-organoid technical arti-

facts. Air bubbles in culture media or gel matrix were rarely detected by OrganoID with a

false positive rate of 4.2% (S3a Fig). We observed that OrganoID segmentations also avoided

cellular debris or dust embedded into the gel, ignored chamber borders, and performed ro-

bustly across microscope resolutions, organoid concentrations, and organoid shapes (S3b-g

Fig). OrganoID proved to be computationally efficient; each image was segmented in 300

milliseconds on a laptop CPU (Intel i7-9750H, 2.6GHz) with less than 200 megabytes of

RAM usage.

For quantitative validation of single-organoid analysis, OrganoID was used to count and

measure the area of organoids in images from the PDAC and non-PDAC human testing

datasets (a total of 28 images). These data were then compared to the number and area of

organoids in the corresponding manually segmented images. Organoid counts agreed with a

concordance correlation coefficient (CCC) of 0.95 [95% CI 0.89-0.98]. OrganoID, on average,

detected 1.1 fewer organoids per image than manual segmentation. The limits of agreement

between OrganoID and manual counts were between -10.35 and 8.14 organoids (Fig 2b).

Organoid area comparison demonstrated a CCC of 0.97 [95% CI 0.96-0.97]. OrganoID area

measurements were biased to be 1.06 ∗ 103µm2 larger per organoid with limits of agreement

between −3.42∗103µm2 and 5.55∗103µm2 (Fig 2c). Several additional morphological metrics

were calculated, including circularity (the ratio of the organoid perimeter to the perimeter

of a perfect circle), eccentricity (a measure of elliptical deviation from a circle), and solidity

(the ratio of the organoid area to the area of its convex hull). These three metrics showed
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moderate concordance (0.52, 0.41, and 0.59 respectively) between automated and manual

measurements (S4 Fig). Performance on brightfield microscopy images was higher than

performance on phase-contrast microscopy images. Overall, the measurements produced by

OrganoID were in considerable agreement with those obtained by hand in our test dataset,

which supports the use of OrganoID for automated single-organoid analysis.

For validation of the organoid tracking module, microscopy images taken every 2 hours

from a 92-hour organoid culture experiment were passed through the entire OrganoID

pipeline to produce growth curves that followed single-organoid changes over time (Fig 2d-

e). The tracking step was also performed by hand to evaluate automated performance.

OrganoID tracking maintained over 89% accuracy (defined as the fraction of identified

organoids that were correctly matched at each time step) throughout the duration of the

experiment (S5 Fig and S2 Video). Tracking accuracy was not affected when frames were

discarded to simulate a 12-hour imaging interval, which demonstrates low susceptibility to

imaging frequency.

3.4.1 OrganoID normalizes single-organoid death responses over time

PDAC organoids were treated with serial dilutions of gemcitabine (3nM-1000nM), an FDA-

approved chemotherapeutic agent commonly used to treat pancreatic cancer. Propidium

iodide (PI), a fluorescent reporter of cellular necrosis, was also added to the culture media

to monitor death responses. Cultures were then imaged every 4 hours over 72 hours and the

produced brightfield images were processed with the OrganoID platform to identify organoids

and analyze timelapse features (Fig 3a). At gemcitabine concentrations above 3 nM, the total

organoid area increased for the first several hours, which reflected initial organoid growth, but

then decreased to a value and at a rate inversely proportional to gemcitabine concentration

(Fig 3b). Identified organoid counts for gemcitabine concentrations above 10 nM also sharply

decreased over time. The total fluorescence intensity of the PI signal increased over time to
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a value and at a rate proportional to gemcitabine concentration, however the response to

100 nM gemcitabine appeared to induce a stronger death signal than the response to 1000

nM gemcitabine (Fig 3c).

Measurements of death stains such as PI are typically normalized to a viability measure-

ment that accounts for differences in the number and size of organoids between replicates that

can compound over the duration of an experiment. We hypothesized that OrganoID could be

used to measure morphological features indicative of organoid viability over time, which could

then be used to normalize and decrease the variability of measurements across experimental

replicates. Furthermore, organoid tracking with OrganoID would enable per-organoid mea-

surement normalization, which we observed to significantly decrease the coefficient of varia-

tion of organoid area and fluorescence change across organoids imaged at the same time point

and exposed to the same concentration of gemcitabine (S6 Fig). Normalization of PI intensity

with tracked single-organoid area indeed increased the separation of responses between each

treatment group over time, decreased standard error across replicates, and corrected the re-

sponse discrepancy between the 100 nM and 1000 nM conditions (Fig 3c). We also compared

dose-response measurements to an MTS proliferation assay ((3-(4,5-dimethylthiazol-2-yl)-5-

(3-carboxymethoxyphenyl)-2-(4-sulfophenyl)-2H-tetrazolium), a gold-standard indicator of

cell viability, at the experiment endpoint. The MTS assay determined the half-maximal

effective concentration (EC50) to be 26.13 nM of gemcitabine. However, total fluorescence

and organoid area underestimated this value to be 16.95 nM and 12.67 nM, respectively. In

contrast, the dose response of area-normalized fluorescence determined the EC50 to be 24.45

nM, considerably closer to the MTS standard (Fig 3d).

3.4.2 OrganoID uncovers morphology changes predictive of drug response

Changes in organoid morphology can indicate important phenotypic responses and state

transitions. For example, some tumor organoid models grow into structures with invasive
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Figure 3.3: OrganoID facilitates morphological analysis of a chemotherapeutic
dose-response experiment. (a) PDAC organoids were treated with gemcitabine. Propid-
ium iodide (PI) was used to label dead organoids. Shown are representative images from
three time points for control and 30 nM gemcitabine. OrganoID identified organoid contours,
displayed on top of the PI channel. (b) OrganoID measurements of fold change (FC) area
(top) and number of organoids (bottom) over time for each concentration of gemcitabine.
Error bars represent standard error of the mean (n=6). (c) Total PI intensity for each
concentration of gemcitabine (top). Fluorescence intensity per area of each organoid were
normalized to first detection, which reduced standard error across replicates (bottom). (d)
Organoid area, total fluorescence, and area-normalized fluorescence were used to estimate
the half-maximal effective concentration (EC50) without live-cell staining, and compared to
an MTS viability assay. (e) Circularity (area divided by area of a perfect circle with equiva-
lent perimeter), solidity (area divided by area of the convex hull), and eccentricity (elliptical
deviation from a perfect circle), were computed for each organoid. Effect sizes (Cohen’s d
statistic) between each gemcitabine concentration are shown, computed from dosages on the
x-axis to dosages on the y-axis.
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projections into the culture matrix, reflecting epithelial-mesenchymal transition; the addition

of certain chemotherapeutic agents prevents development of these protrusions with minimal

effects on overall organoid size [25]. These important responses can be investigated through

single-organoid image analysis that captures the precise contour of each organoid. We used

OrganoID to automatically profile the morphology of individual organoids across the gem-

citabine dose-response experiment. Organoid circularity, solidity, and eccentricity showed

sigmoidal dose responses and determined the endpoint EC50 to be 28.47 nM, 27.05 nM,

and 18.08 nM, respectively (S7 Fig). The effect size of gemcitabine concentration on these

shape metrics was also computed with Cohen’s d statistic, defined as the ratio of the dif-

ference in means to the pooled standard deviation. Gemcitabine dosage had a moderate to

large endpoint effect on organoid circularity, solidity, and eccentricity across concentrations

below and above the EC50 (Fig 3e). Circularity and solidity decreased at higher concentra-

tions, while eccentricity increased, reflecting disrupted organoid morphology. This worked

example demonstrates the advantages of OrganoID for automated bulk and single-organoid

morphological analysis of time-course experiments without the need for live-cell fluorescence

techniques.

3.5 Discussion and Future Directions

Organoids have revolutionized biomedical research through improved model representation

of native tissues and organ systems. However, the field has yet to fully enter the high-

throughput experimental space. A central bottleneck is the challenge of automated response

measurement and analysis in large numbers of microscopy images. Organoids exhibit striking

diversity in morphology and size and can move through their 3D environment into and out

of the focal plane; current image processing tools have not quite been able to capture these

aspects in a robust manner. We developed OrganoID to bridge this gap and automate the

process of accurate pixel-by-pixel organoid identification and tracking over space and time.
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Experimental replicates in organoid studies can differ in the number and distribution of

sizes of organoids. This difference between identical conditions requires per-sample normal-

ization of response measurements to baseline growth of organoid colonies. There are several

commercially available live-cell assays that can facilitate normalization in 2D culture. How-

ever, these same assays have proven difficult for organoid use due to the production of toxic

photobleaching byproducts, limited diffusion through the gel matrix, and nonspecific staining

of the gel matrix that results in a considerable background signal. Another available option

is to genetically modify each organoid sample to express fluorescent proteins; however, this

method increases experimental time and complexity and may alter cellular dynamics from

the original tissue sample. The OrganoID platform can be leveraged for accurate normal-

ization of standard organoid assays without live-cell fluorescence methods. OrganoID is also

uniquely useful for efficient quantification of single-organoid morphological features, such

as circularity, solidity, and eccentricity, that can reflect important dynamic responses. In

our gemcitabine dose-response experiment, we observed that PDAC organoid circularity and

solidity decreased with an increase in gemcitabine dosage. This disturbance of organoid ar-

chitecture is likely due to the interference of gemcitabine with RNA and DNA synthesis[40],

which may in turn affect cell turnover and production of signaling and structural proteins.

In this work, we have also contributed a manually segmented organoid image dataset

for use in other computational platforms. OrganoID has demonstrated compatibility with

organoids of various sizes, shapes, and sample concentrations as well as various optical con-

figurations. Most excitingly, the OrganoID model was trained and validated on images of

PDAC organoids but still demonstrated excellent generalization to images of other types of

organoids, including those derived from colon tissue, lung tissue, and adenoid cystic carci-

noma.

OrganoID was trained with and tested on a diverse yet relatively small set of images.

Despite the suggested generalizability of OrganoID to various samples and optical configu-
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rations, performance may still differ for untested organoids types. Performance on a dataset

of mouse small intestinal organoids passed our benchmark on average, however there were

several challenging images that were not processed adequately. We demonstrated further

training on a handful of images of mouse small intestinal organoids to improve performance

on such challenging datasets. As well, OrganoID can only detect and assign a single organoid

to each pixel in an image. While the platform can appropriately identify contours of organoids

in physical contact, it cannot distinguish organoids that overlap across the focal plane. These

limitations could be overcome in future work with a network model that produces multiple

outputs per pixel as well as additional validation, an expanded training dataset, and the use

of multiple focal planes for image analysis.

We have released the OrganoID platform open-source and freely licensed on GitHub

(https://github.com/jono-m/OrganoID). The repository includes all source code as well as

usage instructions and scripts used for the examples presented in this paper. The net-

work training module is also included on the repository to improve performance for any

untested applications. The image dataset is available at through the Open Science Frame-

work (https://osf.io/xmes4/). Our image analysis platform serves as an important tool for

the use of organoids as physiologically relevant models in high-throughput research. The plat-

form can accurately capture detailed morphological measurements of individual organoids

in live-cell microscopy experiments without the use of genetic modifications or potentially

cytotoxic dyes. These metrics can reveal important organoid responses that might be missed

with the use of bounding-box tools. The ability of the platform to generalize to a range

of organoid types without parameter tuning reflects the potential for the platform to stan-

dardize morphological assay readouts and improve measurement reproducibility. OrganoID

achieves comprehensive and expedient image analysis of organoid experiments to enable

broader use of organoids as tissue models for high-throughput investigations into biological

systems.
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3.6 Supporting Information

3.6.1 Supplementary Figures

Figure 3.4: Network training performance. (a) The network was trained on 66 manu-
ally labeled microscopy images of organoids derived from pancreatic ductal adenocarcinoma
(PDAC) samples from two patients. Organoids were cultured in a well plate or microflu-
idic format and imaged through phase-contrast or brightfield microscopy. Images were then
split into datasets for network training (80%) and validation (20%). (b) The 52 images
in the training dataset were passed through a series of random transformations to produce
an augmented dataset of 2,000 images. (c) Network training was stopped after 37 epochs,
once a minimum binary cross-entropy loss on the validation dataset was reached. (d) The
OrganoID neural network predicts the probability that an organoid is present at each pixel.
Shown are network predictions produced by intermediate models at selected epochs through
the training process.
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Figure 3.5: Network test dataset performance. A test set of images of organoids
derived from human PDAC, salivary adenoid cystic carcinoma (ACC), colon epithelia, dis-
tal lung epithelia, and mouse small intestine were manually segmented to assess network
performance (top). An IOU of 0.5 was set as a benchmark for a successful network predic-
tion (dashed green line). All images of human organoids in the test set passed the bench-
mark, which demonstrates the capacity of the PDAC-trained network to generalize to other
organoid types. Several of the mouse organoids did not pass the benchmark, and so the
model was later retrained with part of this dataset included to demonstrate extensibility
(bottom).
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Figure 3.6: Exclusion of non-organoid artifacts. OrganoID ignored bubbles (a), debris
(c-d), and plate or microfluidic chamber borders (f) to accurately identify organoids that
exhibit diverse morphology and sizes, even within a single sample (b). OrganoID can also
handle various optical configurations, including low-resolution or poorly-lit images (e). Gel
droplets can support densely-packed or isolated organoids, which can all be detected with
OrganoID (g).
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Figure 3.7: Evaluation of organoid shape measurement. OrganoID was used to
measure organoid circularity (ratio of organoid area to the area of a perfect circle with
equal perimeter), solidity (ratio of organoid area to area of the convex hull), and eccentricity
(elliptical deviation from a circle). These measurements were then compared to those from
manual segmentation. The concordance correlation coefficient (CCC) was computed for all
organoids, as well as for organoids imaged through phase contrast (PC, red) or brightfield
(BF, blue) microscopy. For calculation of CCC for circularity and solidity (bounded to 0-1,
with most values near 1), the data was first logit-transformed.

Figure 3.8: Tracking accuracy over time. A time-lapse microscopy experiment was
analyzed with OrganoID to identify organoids in each image. OrganoID was then used
to match identified organoids across frames to build single-organoid tracks. The identified
organoids were also matched by hand to assess tracking performance. Accuracy was defined
the number of organoid track labels in agreement divided by the total number of organoids
present at each frame.
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Figure 3.9: Comparison of batch vs. tracked normalization. In batch analysis, mea-
surements of organoids exposed to the same gemcitabine dosage for the same duration were
normalized to the average of organoids at t=0. In tracked analysis, organoid measurements
are instead normalized to each individual organoid measurement when initially detected by
the tracking algorithm. The coefficient of variation (CV) was significantly lower with tracked
analysis for change in fluorescence (Welch’s t-test p=2e-30), area (p=2e-29) and perimeter
(2e-63). CV was significantly higher with tracked analysis for eccentricity (p=7e-25) and
circularity (p=2e-12).

Figure 3.10: Dose response of shape metrics. Organoid circularity, solidity, and
eccentricity were observed to follow sigmoidal dose responses to gemcitabine.
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3.6.2 Supplementary Methods

Organoid culture and image acquisition

Tumor organoid cultures derived from pancreatic adenocarcinoma (PDAC) patients were

isolated and prepared as previously described [29]. PDAC organoids were cultured and im-

aged in a microfluidic platform [30] or a 24-well suspension culture plate (Thermo Fisher,

144530). Human colonic organoids were cultured similarly to PDAC organoids, with Ma-

trigel and growth or differentiation media as described in established methods [29]. Distal

respiratory organoids were obtained from the Ishay-Ronen Lab at the Sheba Medical Center

and cultured through a previously described protocol [31] in 24-well plates. Images of ade-

noid cystic carcinoma (ACC) organoids and mouse small intestinal organoids were obtained

from Dr. Weber and colleagues from University of Chicago Medicine. The pancreatic and

airway lung organoids were cultured and imaged on an automated translational stage of an

inverted microscope (Nikon Eclipse Ti) enclosed in an environmentally controlled chamber

(Life Imaging Service GmbH, Basel, Switzerland). The enclosure provides temperature, hu-

midity, and CO2 gas control to maintain adequate cell culture conditions for the organoids.

Organoids were cultured at a constant 37°C, 5% CO2, a humidity flow rate of 25-30 L/hour,

and 95-100% relative humidity. Images of the organoids were acquired through the standard

microscope software that is capable of automatically acquiring images at different positions,

Z-planes/stacks, and multiple fluorescent filters (NIS-Elements software, Japan). The mi-

croscope was equipped with a digital complementary metal-oxide semiconductor (CMOS)

camera (ORCA-Flash 4.0, Hamamatsu, Japan), which imaged the organoids using a x10

objective at 2 to 4-hour intervals.
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Dataset for evaluation of network performance and generalizability

The network structure and training process were manually tuned for performance on the

PDAC validation dataset. After optimization, we locked out any further changes to all

hyperparameters and evaluated final network performance and generalizability on a separate

dataset of 28 organoid microscopy images. The dataset included images of organoids derived

from PDAC (10), benign colon tumor cells (6), lung epithelia (6), and salivary adenoid cystic

carcinoma (6). The images were obtained through brightfield and phase-contrast microscopy

from multiple microscopy cores and manually labeled by two independent reviewers.

Network evaluation and retraining on mouse small intestine organoids

19 images of organoids derived from mouse small intestine were obtained and manually

segmented. The OrganoID platform was used to segment and identify individual organoids

in these images, which were compared to the manually segmented images. For network

retraining, the mouse organoid images were randomly split into groups for training (11),

validation (4), and testing (4). The training image set was augmented as above to produce

500 images, which were appended to the original training dataset. The OrganoID neural

network was then retrained on this expanded training dataset for an additional 20 epochs

and evaluated for performance on the test mouse organoid images as well as the original

testing images.

Statistical methods for platform validation

Statistical analysis was performed with the numpy and scipy packages in Python. Network

performance on the testing dataset was evaluated as the pixel-wise intersection-over-union

(IOU) of predictions compared to ground-truth segmentations. A single IOU value was com-

puted for each prediction/ground-truth pair and summarized as a mean IOU and standard

deviation over the dataset. For agreement of single-organoid counts and measurements, the
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Lin concordance correlation coefficient (CCC) was computed as:

CCC =
2sxy

s2x + s2y + (x̄− ȳ)2

The Fisher transformation (arctanh(CCC)) and its inverse (tanh(zlo, zhi)) were also used

to obtain a z-value and construct a 95% confidence interval for CCC statistics. Effect sizes

were computed with Cohen’s d statistic:

d =
2(M1 −M2)√

σ21 + σ22

All plots were generated with the matplotlib and seaborn packages in Python.

Drug screening experiments

PDAC organoids were grown for one week in standard culture conditions and then treated

with gemcitabine hydrochloride (G6423, Sigma) at six serial dilutions from 3 nM to 1000 nM

with negative control. Propidium iodide (Thermo Fisher P3566) was used to fluorescently

measure cellular death and relative viability of organoids in real-time at 4-hour intervals

over 72 hours. An MTS proliferation assay (Promega, G3580) was also performed at the

end of the experiment to determine cell viability for each condition according to manufac-

turer’s instructions. Statistical hypothesis testing was performed with scipy and MATLAB.

Organoid circularity was computed as the circumference of a circle with equivalent area

divided by the actual perimeter of the organoid.

Validation rigor and indications of robustness

The OrganoID neural network was tested on images of four types of organoids taken at

multiple microscopy cores. Images were manually segmented by two independent evaluators.

OrganoID single-organoid count and area measurements were compared against the corre-
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sponding measurements of the manual test segmentations. OrganoID tracking results were

compared to manually tracked images. The OrganoID platform and test microscopy images

were distributed to an independent user to confirm reproducibility of all metrics, statistics,

and figures.
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CHAPTER 4

PROGRAMMABLE DROPLET MICROFLUIDICS FOR

COMBINATION SCREENING AND ARRAYED INCUBATION

4.1 Summary

Combination screening is critical for drug discovery, basic research, and precision medicine.

Droplet microfluidic devices offer immense throughput for experimental workflows, however

droplets produced from a single droplet device will share the same chemical composition.

In contrast, valve-based microfluidic devices can be used to precisely control reagent mix-

tures, yet rely on static on-chip chambers that limit throughput. This chapter describes the

design and implementation of PicoScreen, a novel microfluidic strategy for high-throughput

combination reagent screening. PicoScreen integrates membrane valves with flow-focusing

geometry to produce droplets that contain known and controllable mixtures of inlet reagents.

Membrane valves are used to further direct the droplets for storage in an ordered grid, which

enables measurement over time with microscopy. A valve multiplexing strategy was used

to limit the number of control lines needed to operate the device, which was optimized and

evaluated with food dye. PicoScreen is an early-stage technology that can have an immense

impact on the high-throughput screening space.

4.2 Project Background

A great deal of chemistry and biology is predicated on mixing two components together and

observing the result. Two chemicals can be mixed together to assay the spontaneity of a

reaction. A drug can be mixed with bacteria to determine resistance or susceptibility. A

virus can be mixed with cells to characterize receptor tropism. In some cases, a desired out-

come can be observed only when mixing more than two components together, such as with
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the addition of a chemical catalyst, an antibiotic resistance inhibitor, or an inflammatory

cytokine. Such experiments are often designed to evaluate a specific hypothesis that is based

on intuition, insight, or expertise, with careful selection of the components for use. The

process of high-throughput screening accelerates this scientific method by investigating many

hypotheses in tandem [1–4]. In high-throughput screening, sets of biochemical components

are added to isolated reaction chambers with varying combinations or concentrations, and

the outcomes are measured at one or more time points for each chamber. By executing many

experiments at once – tens, thousands, or even millions – large and high-dimensional com-

bination spaces can be explored with efficiency to find screening "hits" that have important

(and often desired) effects.

At present, the most commonly used high-throughput screening systems rely on mi-

crotiter plates and pipetting robots [3]. Microtiter plates can hold microliters of fluid in

arrays of 96, 386, or 1536 isolated wells. Automated multipipette liquid handling systems

can load, transfer between, and sample from multiple wells at once. Microplate readers can

quantify outcomes based on fluorometric, colorimetric, and luminometric reporter assays.

While these systems are indispensable tools for areas such as industrial drug discovery and

chemical synthesis, their use in other contexts is hindered by overhead costs and the large

quantities of reagents required for microtiter screens [3]. When working with limited sample

quantities, such as tumor biopsies, only microliters may be available for screening. In the

microtiter format, these volumes correspond to a few hundred wells (or perhaps, at most,

one thousand wells), which is often insufficient to screen all relevant conditions with the

necessary experimental and biological replicates and controls.

Microfluidic devices, sometimes referred to as microfluidic "chips", manipulate liquids

at the scale of microns, in the range of nanoliters to picoliters, and can contain embedded

channels and chambers to run many experiments in parallel [5–7]. Additionally, computer-

controllable microfluidic valves can be integrated into chips in order to select, mix, pump,
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and route reagents following a programmed experimental instructions [5, 8, 9]. As such, mi-

crofluidic platforms can recapitulate the operations of microtiter high-throughput screening

platforms, with much more effective use of small sample volumes. However, the number of

independent and isolated reaction chambers on such devices is fundamentally limited by chip

topology and size, resolution of features, hydraulic resistance, and the number of required

valve control lines.

Instead of relying on static reaction chambers, devices can be used to compartmentalize

samples within an immiscible fluid [10–12]. For example, a sample of bacteria can be flowed

through a microfluidic device to meet an opposing stream of oil, which will pinches off the

aqueous stream to form uniform and isolated droplets. The use of a surfactant dissolved in

the oil prevents droplet coalescence, and droplets can be collected off-chip for incubation and

further processing [13]. With the appropriate chip design and flow conditions, droplets can

be formed at kilohertz rates, overtaking the number of reaction vessels used in valve-based

and microtiter systems within mere seconds. Standard droplet microfluidic devices produce

emulsions with identical chemical compositions determined by the sample that is flowed

through the device. This architecture is sufficient for the majority of current applications,

however screening platforms require additional methods to evaluate several compositions at

once.

The two central tasks for droplet-based screening platforms are to (i) produce droplets

with varying compositions and (ii) encode or track the contents of each droplet during mea-

surement. Existing platforms approach the first problem through the use of pooled droplet

generators [14], braille valves [15], or diffusion gradients [16]. These systems have been

thoroughly validated to produce useful results, however they are either unable to make com-

binations, restricted to a low number of conditions, or scale poorly for high-throughput

applications. The second problem is most commonly approached by storing the droplets

in a static array [17]. Droplets are either tracked based on order [15] or through fluores-
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cence measurements [14]. Fluorescent barcoding strategies add a unique concentration or

concentration of fluorophore to each droplet [14], however these approaches are are limited

by overlap of fluorescence spectra and the dynamic range and resolution of measurements.

Storage in one dimension (e.g. in a length of microbore tubing) scales poorly with the num-

ber of conditiosn [15]; this limitation can be overcome with two- or three-dimensional droplet

arrays, however existing platforms are low-throughput, low-density, or unordered.

PicoScreen is a high-throughput screening platform that integrates computer-controlled

valves into a droplet-based microfluidic chip. The device produces monodisperse emulsions

of a sample, and can add any two of ten possible reagents to each droplet. Droplets are stored

on-chip in an ordered grid, which is filled row-by-row through actuation of the integrated

valves. The chip is optically transparent, which enables microscopy measurements of droplet

contents, and programmable with open-source software. PicoScreen is an important step

towards the miniaturization of high-throughput screening for economical use in small-volume

applications.

4.3 Results

PicoScreen was developed to emulsify a sample in thousands of distinct picoliter droplets

with software-controllable chemical compositions and store the droplets in an ordered grid

to keep track of conditions during response measurement. The central approach of this

platform to integrate membrane valves with a droplet generator to select and dilute pairs

of reagents for production of monodisperse droplets with varying contents (Figure 4.1a).

The generated droplets are then sent to an incubation grid, which is filled row-by-row under

control of several more membrane valves (Figure 4.1b). To enable scaling of the device

to a large number of inlet reagents and droplet storage rows, the valves are multiplexed

with a combinatorial addressing strategy. While the each reagent and row could instead

be controlled by a dedicated valve, the multiplexing approach scales exponentially – for
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Figure 4.1: The PicoScreen combinatorial droplet screening strategy. (a) A
microfluidic device generates droplets with varying and controlled combinations of inlet
reagents. Multiplexed membrane valves are used to select pairs of reagents for co-flow in
a channel, which is then directed to meet a set of perpendicular oil channels to generate
droplets. Additional valves to optionally dilute the reagent pairs are included in the device.
(b) To keep track of droplet contents and follow response over time, droplets are stored
on-chip in an ordered two-dimensional grid. The grid is filled row-by-row under the control
of multiplexed membrane valves, and droplets enter each row in a single-file line. Use of an
optically transparent material (polydimethylsiloxane) for the device enables straightforward
monitoring with microscopy.

example, one of 1,000 reagent or storage rows can be selected with the use of only 13 valves.

A prototype device was developed to evaluate and optimize the overall valve-controlled

droplet generation strategy. In the prototype device, 10 membrane valves control the flow

of 10 separate reagents into a shared junction, which is then routed through a flow-focusing

droplet generator (Figure 4.2a). The chip was fabricated from PDMS with a standard soft

lithography process and bonded to a microscope slide. Evaluation of the combinatorial

generation was carried out with food dye. Programmed actuation of the microfluidic valves

produced emulsions that corresponded to the selected colors (Figure 4.2b).

Similarly, a prototype device was developed to optimize and validate droplet routing

and storage in a microfluidic chip under multiplexed valved control. This device features

four valved reagent inlets, which are mixed and directed through a flow-focusing droplet
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Figure 4.2: A microfluidic device for combinatorial droplet generation. (a) Mem-
brane valves were integrated into a droplet-based microfluidic device fabricated from PDMS
to evaluate and optimize the screening strategy. The device featured 10 inlets for reagents,
which could be selected with individual valves and co-flowed through a shared channel.
The reagent mixture was then directed to flow through a flow-focusing droplet generator
to produce monodisperse emulsions in fluorinated oil. This prototype device also included
components for flowing in cell sample and discarding waste, however these were not used in
validation experiments. (b) Food dye was used to qualitatively validate the device. Shown
are microscopy images of the reagent co-flow and droplet generation junctions. The top
image shows the device in a state where all reagents are selected. The bottom panel of
four images shows droplets generated with distinct mixtures of food dye during other device
states.
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Figure 4.3: An integrated device for droplet screening and ordered storage. (a)
The AutoCAD design the PicoScreen microfluidic device features a combinatorial droplet
generator to produce mixtures of any pairs of 10 input reagents. The emulsified droplets are
then sent to a storage grid, which contains 42 rows for ordered incubation. (b) Food dye was
used to validate the droplet storage strategy. The device was programmed to store droplets
in sets of 5 replicates. Microscopy revealed between 4 and 6 replicates stored per condition.
(c) The droplets are stored in serpentine channels per-row to increase packing.

generator to a storage array. The array contains 50 storage columns under the control of

8 multiplexed valves, as well as a bypass valve to optionally discard droplets. The device

was validated with food dye and programmed to store droplets with distinct colors in each

column. Brightfield microscopy of the stored droplets confirmed generation and storage of

the desired conditions.

The final PicoScreen device integrates a multiplexed droplet generation module with a

multiplexed droplet storage model on one chip (Figure 4.3a). The device produces monodis-

perse emulsions of input sample, and can add any of 52 pairwise combinations of 10 reagents

under the control of 10 multiplexed valves. The storage module features 14 independent

channels, which are arranged in a serpentine pattern to produce 42 storage rows under the

control of 6 valves. The device was again evaluated with food dye to and programmed to

store droplets with alternating colors in each row, in replicate sets of 5 droplets (Figure

4.3b-c). While the number of replicate droplets per condition varied between 4 and 6, most
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replicates indeed contained 5 droplets and the device was observed to produce the desired

pattern.

4.4 Discussion and Future Directions

The PicoScreen platform produces droplets with varying and controlled combinations of

reagents in a high-throughput fashion. Conditions are selected through the use of integrated

microfluidic membrane valves that mix and route reagents through a droplet generator. The

droplets are stored on the chip in an ordered grid, which enables measurement of responses

through microscopy over time. Furthermore, the multiplexed valve configuration enables the

device design to be scaled to hundreds or thousands of reagents and storage rows.

Control of droplet compositions and ordered storage was validated with food dye and

brightfield microscopy. Droplet colors can be easily evaluated by eye for qualitative assess-

ment of performance, however additional validation should be carried our for quantitative

metrics. Fluorochrome dyes can be used in place of food dyes and imaged with fluores-

cence microscopy, and the excitation intensity will be proportional to the dye concentration.

This can quantify any contamination across reagent channels or crosstalk between incubated

droplets, which are important metrics for use in sensitive applications.

The grid-incubated droplets were seen to evaporate over the course of 2-3 hours, which

limits the use of the platform, in its current state, to assays with shorter incubation periods.

Mammalian cell responses can take many hours to develop after exposure to a chemical

stimulus, so this platform may find more accessible use in cell-free or microbial applications.

Protein crystallization has been previously performed in droplets [18], and this process could

be adapted in the PicoScreen platform to test many conditions at once. Bacterial sam-

ples could be cultured in the device for antibiotic susceptibility testing or interactions with

bacteriophages.

Future designs of the PicoScreen chip can include inlets and valves for more reagents
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and a larger storage grid. The grid can also be optimized to fit more droplets in each row,

such as with hydrodynamic droplet traps [19] or multi-height channel wells [20, 21]. Another

possiblity would be to replace the storage grid with a series of large storage chambers that

are addressed with a multiplexed valve array, and use a microscope to record droplets as the

enter a chamber to track the order of generation. Oil filters integrated into the chamber could

ensure that the droplets tightly pack together into a static array, after which the microscope

can be directed to the next chamber for loading.

4.5 Methods

4.5.1 Microfluidic device design and fabrication

The PicoScreen chip was designed with AutoCAD software (Autodesk). A custom LISP

script was written to automate the arraying of multiplex valves in a combinatorial addressing

pattern.

Device molds were fabricated with a standard lithography process [22]. Briefly, silicon

wafers were vapor-treated with hexamethyldisilazane to enhance photoresist adhesion. SU-8

3025 photoresist (Kayaku) was spin-coated onto the wafers and UV-exposed with a maskless

aligner (Heidelberg MLA150) to rasterize flow and control channels 25 microns in height.

AZ 40-XT photoresist (Microchemicals) was spun onto wafers, exposed, and melted at 200C

for 13 hours to form features with rounded cross sections for sealable valve junctions.

The molds were used to create multiple devices from polydimethylsiloxane (PDMS, RTV-

615, Momentive Performance Materials). Poured PDMS was degassed in a vacuum chamber

to remove bubbles and cured at 80C for 1 hour. Access holes for flow and control pins were

added with a 1mm biopsy punch (Syneo). Device layers were bonded together and to glass

with a plasma cleaner (Harrick) set to high power with 700 mTorr of pure oxygen for 25

seconds. Bonded devices were then baked overnight at 80C. Finally, devices were treated
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with Aquapel through the oil inlet pinhole and baked once more at 80C overnight.

4.5.2 Device operation and imaging

Food dye, PBS, and fluorinated oil (Droplet Generation Oil for EvaGreen, Bio-Rad) were

added to 2mL microcentrifuge tubes with membrane caps (Sarstedt). Caps were punctured

with 1.5-inch blunt-tip needles (McMaster) to connect each reagent to the chip through

Tygon tubing and pressurize each tube with air. A digital flow controller (OB1, Elveflow)

was used to set precise pressures for each reagent to produce monodisperse droplets (10 psi

for oil, 8 psi for buffer/sample, and 7 psi for dyes). Valve pressure tubing was controlled with

a solenoid array built in-house and described previously [22] and programmed with custom

Python software. Videos and images of droplet generation and storage were obtained with

a benchtop inverted brightfield microscope (Leica) and a high-frame-rate camera (Basler).
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CHAPTER 5

COMPREHENSIVE COMBINATION SCREENING OF

TRANSCRIPTOMIC RESPONSES IN INDIVIDUAL CELLS

5.1 Summary

Combination therapy is a powerful strategy to combat drug resistance, as a cancer cell is pre-

sumably less likely to be resistant to multiple drugs at once. A major challenge is to sieve this

enormous treatment set to identify the most effective regimens. High-throughput screening

platforms can investigate many treatments on cell-free, in vitro, or ex vivo disease models;

however, the measured outputs are often insufficient to capture the nuanced molecular pro-

cesses that can be manipulated for treatment. This chapter describes a screening platform,

Screen-seq, that is high-throughput, high-content, and practical for biomedical research and

per-patient use. Screen-seq efficiently measures the rich transcriptomic responses of thou-

sands of individual cells to each possibility in the complete combination space of several

reagents. A novel microfluidic strategy combines flow-focusing geometry with computer-

controlled membrane valves to emulsify cells in droplets with precise and diverse mixtures

of inlet solutions with the appropriate negative controls. The cell treatment and recovery

process was optimized to maintain compatibility with single-cell sequencing workflows. Syn-

thetic oligonucleotides conjugated to universal antibodies flexibly barcode each reagent so

that conditions can be decoded alongside the transcriptome. The microfluidic device was

preliminarily validated with fluorophores, and the entire screening platform was validated

through the use of a predefined set of experimental conditions that were correctly captured in

sequencing. Screen-seq serves as a powerful platform for translational research and precision

therapy to improve outcomes for cancer patients.
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5.2 Project Background

Cancer cells can thrive through redundant molecular pathways and exist in a heterogeneous

population within a given tumor [1, 2]. As such, combination therapy is a central approach

in drug treatment to target multiple pathways at once and limit the emergence of drug

resistance through unresponsive subpopulations [3, 4]. However, there is an incredibly broad

set of drugs that have been developed to treat the various molecular and histological types

of cancer and, accordingly, and even broader set of combination therapies that are possible.

While clinical trials can provide valuable insight into the comparative benefits and risks

of a treatment regimen on a patient population, it is impossible to comprehensively cover

the space of possible treatments due to practical limitations of cost and number of cases.

Instead, in vitro screening methods are often used to refine the list of possibilities to the most

promising options, which can then be evaluated through clinical studies [5, 6]. Most high-

throughput screening platforms are based on cell lines cultivated in microtiter plates and

scalar colorimetric, fluorometric, or luminometric report assays [7–9]. These technologies are

critical for target-based drug discovery, however the reporters can fail to capture important

cellular responses and provide low-dimensional insight into the mechanism of action of the

agents that are tested. Furthermore, microtiter cell-based screening platforms measure the

average response of many cultured cells per condition, which can fail to capture sample

heterogeneity.

Single-cell RNA sequencing (scRNA-seq) methods can supplement these technologies,

measuring detailed transcriptomic responses at the level of individual cells [10–12]. Fur-

thermore, droplet-based microfluidic devices can be used for scRNA-seq to offer immense

throughput, with the ability to profile thousands of cells in a single assay [13, 14]. However,

standard droplet generators produce droplets with identical chemical compositions deter-

mined solely by the input sample. Additional steps and tools must be used to compare the

responses of differentially stimulated populations.
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A number of methods have been developed to investigate transcriptomic responses of

single cells to different combinations of reagents in droplets [15, 16]. These platforms are

impressively designed and rigorously validated, however they are, fundamentally, restricted

to the investigation of reagent pairs. Most combination therapies include three or more drugs

[3]. Consequently, screening such regimens requires an additional level of control to produce

higher-order drug combinations.

Valve-based microfluidic devices can include embedded cell culture chambers and offer

exquisite control of chemical environments [17, 18]. However, the number of conditions that

can be explore is, here, restricted by the number of chambers that can fit onto a single

chip, which can produce insurmountably high hydrodynamic resistance for large devices.

A combination of droplet microfluidics and valve-based microfluidics has the possibility of

retaining the best of both. The platform discussed in the previous chapter, PicoScreen, is a

novel example of how chip-integrated valves can be combined with a droplet generator in a

single chip to screen responses through imaging.

This chapter introduces a new platform, called Screen-seq, that adapts and extends

components of PicoScreen to again perform high-throughput droplet screening, but now

with scRNA-seq as the endpoint measurement of cellular responses. The microfluidic device

designed for Screen-seq produces monodisperse emulsions of cells in media, and can add any

combination of 8 distinct reagents to each droplet under software control. The chip also

includes channels for 8 negative controls, paired with each reagent inlet. The Screen-seq

protocol uses reagent-specific oligonucleotide labels to encode droplet contents on each cell,

and was optimized for compatibility with downstream scRNA-seq. This strategy enables

simultaneous decoding of screening conditions alongside the transcriptome of each cell. The

Screen-seq platform offers a level of throughput and content that is unprecedented at the

single-cell level, which will facilitate deeper insights into the mechanisms of combination

therapies and the identification of ideal regimens per-patient.
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5.3 Design and Implementation

5.3.1 A microfluidic device for rapid generation of controlled droplet

mixtures

The Screen-seq platform relies on a novel microfluidic device that encapsulates cells in pi-

coliter droplets with varying and programmable combinations of 8 reagent inlets (Figure

5.1). Cell samples, screening reagents, and fluorinated oil with surfactant are prepared in

microcentrifuge tubes, connected to the device through microbore tubing, and pressurized

with air to drive fluids into the respective channels. Membrane valve control channels are

also connected to air pressure that is controlled by electronic solenoid valves to select any of

the 256 possible reagent via custom automation software. The device co-flows the selected

reagents together and with the cell sample before passing through a flow-focusing droplet

generator to produce a monodisperse emulsion. The droplets are transferred off-chip into a

microcentrifuge tube for bulk incubation of cellular responses.

Cellular responses to particular reagents must be compared to the appropriate negative

control, and each reagent may be dissolved in a different buffer, such as pure PBS or diluted

DMSO, that could induce confounding effects on measurements. Accordingly, each reagent

channel is paired with an additional flow channel to carry the corresponding negative control

buffer (sometimes referred to as the vehicle for the reagent). The reagent/vehicle channel

pairs are controlled by membrane valves that are programmed to actuate in opposition to

one another. With this strategy, there are always exactly 8 active fluid channels that mix

with the sample channel and each droplet will be composed of the same buffer, regardless of

the number of selected reagents.

Microfluidic membrane valves can actuate with response times as fast as 10 milliseconds.

However, once a valve is opened, the released fluid must propagate through the flow channel,

which can take several seconds (or even minutes), depending on the hydraulic resistance of
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Figure 5.1: Screen-seq microfluidic workflow. The Screen-seq platform uses a novel
microfluidic device to produce droplet emulsions of cells with any possible combination of
inlet drugs or reagents. Integrated membrane valves are used to select reagent combinations
under software control. Droplets are collected off-chip and transferred to an incubator to
enable maturation of cellular responses.
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the system. During this period, the leading edge of the fluid stream will diffuse into the

existing contents of the channel, producing a concentration gradient. This diffusion process

is accelerated by Taylor-Aris dispersion [19], whereby shear stresses within the channel walls

increase the effective diffusion coefficient of the fluid species. When the valves in the Screen-

seq chip are actuated to select a new combination of reagents, the reagents take 1-2 seconds

to propagate to the droplet generation junction. While this delay may seem insignificant at

first glance, it is large in comparison to the droplet generation rate – approximately 200 Hz

for the Screen-seq chip. As such, hundreds of droplets are generated in this interval, with

concentrations that transition gradually to the new steady-state configuration. To ensure

that each collected droplet contains the precise combination of reagents dictated by the

control software, the Screen-seq chip also includes a valve-actuated sorting junction that

discards droplets during the transition window (Figure 5.3e).

5.3.2 Encoding droplet contents with antibody-oligonucleotide conjugates

While the Screen-seq microfluidic device can produce droplets with different chemical com-

positions, the contents of each droplet must be somehow encoded so that responses can be

matched to the droplet conditions. Screen-seq uses a molecular strategy based on cell hash-

ing [20] to attach synthetic oligonucleotides to each cell that describe the environment of

each cell’s droplet (Figure 5.2). Namely, each oligonucleotide contains a sequence (referred

to here as a barcode) that is specific to each reagent. The oligonucleotides are conjugated to

an antibody that binds to a surface receptor universally expressed by cells in the sample of

interest. These barcode conjugates are premixed with their respective reagents prior to the

Screen-seq protocol at a fixed concentrations, so that generated droplets will contain a bar-

code mixture that corresponds to the reagent mixture. Inside of the droplet, the antibodies

will attach to the surface of the cell, effectively encoding the contents of the droplet on the

cell surface. Each reagent channel is paired with a vehicle channel that serves as a negative
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Figure 5.2: Screen-seq cell barcoding workflow. The Screen-seq platform uses a
molecular barcoding strategy to encode the composition of each droplet onto the surface
of treated cells. Antibody-oligonucleotide conjugates are synthesized to bind to surface
proteins universally expressed by cells in the sample and premixed with each reagent. The
oligonucleotides contain a known base sequence "barcode" that is specific to each reagent,
however the antibody is shared across all reagents. With this strategy, the generated droplets
will contain mixtures of barcode conjugates that correspond to the reagent mixture, and will
adhere to cell surfaces, encoding contents. Droplets are pooled and incubated in bulk, and
then lysed to release the intact cells. These cells can be profiled with commercial single-
cell RNA sequencing platforms to measure gene expression alongside reagent barcodes, to
uncover relationships between reagent combinations and cell states.

control; as such, the vehicles are also be premixed with a barcode conjugate. This strategy

not only maintains experimental validity, but also accounts for variations in the number of

surface receptors per cell.

5.3.3 Intefacing with single-cell RNA sequencing

The Screen-seq platform was designed for compatibility with 10X Genomics scRNA-seq

systems. For 10X sequencing, cells must be prepared in a compatible buffer and at a precise

concentration to minimize the likelihood of chip clogs or cell multiplets. Accordingly a critical

step in the Screen-seq pipeline is to extract cells from the droplets after incubation while

preserving viability and membrane integrity. Droplets can be broken with perfluorooctanol

(PFO), which sequesters fluorosurfactants to destabilize the droplet interface and encourage

coalescence. However, PFO is also highly toxic and will rapidly disintegrate cell membranes
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[21]. This risk is particularly problematic as cell recovery and washing requires centrifugation

– PFO and mammalian cells are both much denser than water and will collect together at

the bottom of the tube.

Density gradient media was mixed with all reagents prior to encapsulation to increase

the density of droplet contents beyond the mass density of a typical cell. Through this

strategy, the cells released by a droplet upon PFO addition will instead collect at the top

of the centrifuge tube, opposite to the PFO (which remains much denser than the media).

After droplet lysis, the released media and cells can be transfered to a new tube and mixed

with a lower-density buffer to allow proper cell pelleting and washing.

5.4 Results

5.4.1 Screen-seq generates droplets with distinct and consistent compositions

The Screen-seq chip was first qualitatively validated with food dye to determine appropriate

operating parameters (Figure 5.3). The dyes were then replaced with fluorochrome dyes

to quantitatively assess performance. The chip was programmed to produce droplets with

compositions that alternated between fluorescein or PBS, and to discard droplets over a

5-second transition window. The collected droplets were then imaged with brightfield and

fluorescence microscopy, and the total fluorescence per droplet was quantified with auto-

mated brightfield segmentation (Figure 5.4a). The analysis indeed revealed two separate

populations of droplets with low and high levels of fluorescein, corresponding to the pro-

grammed conditions, with no droplets of intermediate fluorescence (Figure 5.4b). Resorufin,

a fluorochrome dye with an excitation and emission spectrum distinct from fluorescein, was

used to measure the degree of channel contamination and droplet crosstalk over time. The

chip was programmed to now produce droplets with contents that alternated between PBS,

fluorescein, or resorufin, again with a 5-second discard window. The collected droplets were
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Figure 5.3: The Screen-seq microfludic device. (a) The AutoCAD design for the
Screen-seq device, which includes inlets for 8 reagents and negative controls, as well as cell
sample and oil, altogether controlled by 20 integrated microfluidic valves. (b) The device was
fabricated from PDMS with a soft lithography method. (c) Brightfield microscopy image of
the droplet generation junction, showing food dye in the 8 reagent channels co-flowing to
meet channels of sample and oil. (d) The valves can be actuated to control the contents of
droplets according to a programmed software experiment. Shown are representative images of
droplets produced during a mock screening experiment. (e) A sorting junction was designed
on the chip to enable time-based discarding of droplets during condition stabilization.
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then imaged, incubated for 24 hours, and imaged once more in brightfield and fluoresence

microscopy. The fluorescence measurements of the immediately-imaged droplets demon-

strated 3 distinct populations that corresponded to droplets with high- and low- levels of

fluorescein or resorufin, with no droplets of intermediate or mixed levels (Figure 5.4c). How-

ever, measurements of the incubated droplets revealed only one population for the resorufin

channel, indicating considerable crosstalk via diffusion of resorufin between droplets over

time. In contrast, two distinct populations were still observed in the fluorescein channel,

which suggests that the crosstalk is reagent-dependent, and matches existing literature [22,

23]. Overall, these fluorescence results indicate that the Screen-seq chip can indeed produce

droplets with precise and controlled combinations of multiple reagents.

5.4.2 Screen-seq integrates with single-cell RNA sequencing

Compatibility with 10X scRNA-seq pipelines was evaluated with K562 cells, a leukemia cell

line. Anti-CD298 universal antibodies were used to attach barcodes to each cell, which

was validated for the K562 cells with flow cytometry (Figure 5.5). Cell media was density-

matched to K562 cells, which were then encapsulated into droplets with the Screen-seq

chip, along with various combinations of barcodes dissolved in PBS. Collected droplets were

incubated for 16 hours at 37C and then lysed. Viability of the recovered cells was then

measured with an MTS assay and determined to be 168% of that of the initial sample.

This expansion suggests cell proliferation, which aligns well with the approximate 20-hour

doubling time reported for K562 cells. Recovered cells were washed and sequenced with a

10X scRNA-seq protocol. Analysis of the sequencing results showed capture of 5,808 high-

quality cells that clustered into 15 groups of transcriptomic heterogeneity (Figure 5.6a).

The gene with the highest differential expression across clusters was HBZ, which codes for

the hemoglobin-ζ protein subunit (Figure 5.6b-c). Encouragingly, HBZ has been previously

identified to be overexpressed in populations of K562 cells [24–26]. These results support
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Figure 5.4: Fluorescence validation of the Screen-seq device. (a) Droplets were
programmed to contain either PBS or fluorescein, a green-fluorochromic dye. Shown are a
sample of droplets imaged in a monolayer on a hemocytometer. (b) Quantification of the
total fluorescein intensity per droplet showed two distinct populations, matching the gener-
ation program. No droplets were observed in between the two populations, which indicates
desired operation of the sorting junction. (c) A second fluorochromic dye, resorufin (or-
ange), was used to measure channel contamination and droplet crosstalk. The device was
programmed to produce droplets that contained either PBS, resorufin, or fluorescein. Anal-
ysis of immediately-sampled droplets revealed three distinct populations that corresponded
to the programmed conditions. Analysis of the same droplets 24 hours later showed crosstalk
of resorufin, yet maintenance of the two fluorescein populations.
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Figure 5.5: Flow cytometry of anti-CD298 universal antibodies. Anti-CD298 uni-
versal antibodies were purchased from BioLegend and conjugated to a Cy5 fluorophore in-
house. These were confirmed to bind to K562 cells through flow cytometry when compared
to an isotype control.
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Figure 5.6: Screen-seq compatibility with commercial scRNA-seq. (a) K562 cells
were encapsulated in droplets with barcode conjugates through the Screen-seq chip. These
cells were incubated for 20 hours and then recovered with an optimized droplet lysis protocol.
Profiling of the recovered cells with 10X Genomics scRNA-seq revealed 5,808 high-quality
cells, which clustered together into 15 groups based on expression heterogeneity. Shown
is a UMAP projection of the recovered cells, colored by cluster. (b) Heatmap of the top
overexpressed genes that defined each cluster. (c) The gene coding for the hemoglobin-
zeta subunit (HBZ) was differentially expressed across the sample, matching results from
the literature [24–26]. Shown is the UMAP projection from (a), colored by level of HBZ
expression.

the integration of the Screen-seq protocol with established commercial scRNA-seq pipelines.

5.4.3 Screen-seq decodes cell conditions alongside the transcriptome

A sequencing-based validation experiment was designed and carried out to confirm that

droplet contents can indeed be decoded with the Screen-seq barcoding strategy. K562 cells

were connected to the chip alongside 8 prepared barcodes dissolved in PBS. The chip was

programmed to make droplets that only contained specific subsets of the possible barcode

combinations. Two of the eight barcodes were assigned to be added to droplets with mutual

exclusion (referred to as Mono A and Mono B). Another two barcodes were assigned to

always be added into droplets together (Pair-1 and Pair-2 ). Three other barcodes were

assigned to always be added to droplets together (Triple-1, Triple-2, and Triple-3 ). One

additional barcode was assigned to again be added only in isolation, however these droplets
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were programmed to not be discarded during the transition window, in order to further

evaluate the performance of the sorting strategy (No-discard). Clustering the sequencing

results for this experiment based on barcode abundance revealed 5 distinct populations of

cells (Figure 5.7a). One of the clusters corresponded to cells with high levels of the Mono A

barcode, and a second, separate, cluster corresponded to cells with high levels of the Mono

B barcode (Figure 5.7b). Conversely, a third cluster corresponded to cells that had high

levels of both the Pair-1 and Pair-2 barcodes, demonstrating that the barcoding strategy

can be used to identify cells that received distinct reagents or a combination of reagents

(Figure 5.7c). Furthermore, a fourth cluster corresponded to cells that simultaneously had

high levels of the Triple-1, Triple-2, and Triple-3 barcodes, which supports the use of the

Screen-seq screening platform beyond pairs of reagents (Figure 5.7d). The final cluster was

observed to have varying amounts of the No-discard barcode, with a large number of cells

that did not have any of the 8 barcodes (negative controls)(Figure 5.7e). This observation

confirms the importance of the sorting strategy to discard droplets during the transition

window, which will prevent a reagent from clustering with its negative control. Lastly,

hierarchical clustering of cells and barcodes indeed grouped Pair-1 and Pair-2 together, as

well as Triple-1, Triple-2, and Triple-3 (Figure 5.8). These results together validate the

Screen-seq barcoding strategy for decoding droplet conditions through sequencing.

5.4.4 A preliminary screen of chemotherapy drug combinations

Eight chemotherapy drugs (cytarabine, dasatinib, imatinib, homoharringtonine, hydrox-

yurea, ruxolitinib, tanespimycin, and vorinostat) were selected for combinatorial screening

against the K562 cell line. This drug set interacts with multiple molecular pathways, from

protein folding to nucleotide recycling. The Screen-seq chip was programmed to screen all

256 possible combinations of the 8 reagents in droplets of K562 cells, which were then incu-

bated off-chip for 20 hours. Drug concentrations were chosen to be below the EC50 for each
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Figure 5.7: Sequencing validation of the Screen-seq platform. (a) K562 cells were
treated with the Screen-seq protocol. The device was programmed to expose cells to five
distinct combinatorial subsets of 8 barcoded tubes of PBS. Shown is a UMAP projection of
the captured cells based on the detected amount of Screen-seq barcodes. (b) Two barcodes
were programmed to be administered with mutual exclusion. Shown are two instances of
the UMAP projection from (a), respectively colored by each of the barcodes. Barcodes
were separately observed in two distinct clusters. (c) Two barcodes were programmed to
be administered together. These were correctly detected at high levels in the same cluster
of cells. (d) Three barcodes were programmed to be administered together. Again, these
were correctly seen in the same cell cluster. (e) One additional barcode was programmed to
be administered in isolation, however without use of the droplet sorting strategy to discard
transitioning droplets. This barcode appreared to cluster with control droplets, highlighting
the importance of discarding to improve separation of distinct conditions.
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Figure 5.8: Hierarchical clustering of sequencing validation. K562 cells from the
sequencing validation experiment were computationally clustered together based on barcode
abundance. The barcodes were also clustered together based on similarity of cell populations.
The barcodes that were administered in tandem were observed to cluster together, while
barcodes administered with mutual exclusion clustered separately.
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drug based on a 20-hour well plate experiment.

10X scRNA-seq identified 3,654 high-quality cells in the recovered sample with 10 clus-

ters of transcriptomic heterogeneity. Clustering cells by barcode revealed distinct populations

that corresponded to high- and low- levels of six of the tested drugs. Cells were not observed

that contained high levels of either omacetaxine or vorinostat. A handful of genes showed

statistically significant differential expression across treatment conditions, such as upregula-

tion of the TGF-β pathway with tanespimycin, however the separation of responses for cells

incubated with the chosen drug concentrations and duration was difficult to qualitatively

appreciate. Nevertheless, this preliminary example serves as an important optimization step

to further tune the platform for cancer drug screening.

5.5 Discussion and Future Directions

The Screen-seq platform is a powerful tool to measure the effects that different combinations

of reagents will have on the transcriptome of single cells. By integrating microfluidic valves

into a droplet generation device, a high level of both throughput and control can be achieved.

Molecular barcoding labels each cell based on the contents of the droplet, so that the chem-

ical composition can be decoded through standard scRNA-seq pipelines. The platform was

evaluated with fluorochrome dyes to confirm the accuracy of programmed conditions and

validated with sequencing to assess the fidelity of the encoding strategy.

A preliminary drug screening experiment was carried out on the platform with combina-

tions of 8 chemotherapy drugs. While the molecular barcodes were indeed retained on cells

and formed treatment clusters, the observed transcriptomic responses were underwhelming.

Furthermore, the protocol failed to capture populations of cells that were exposed to two of

the eight drugs, which could be due to a number of factors. One possibility is that the con-

centration used for these drugs was excessive for the incubation time: cells that were exposed

to vorinostat or omacetaxine died before recovery, and were either chemically or computa-
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tionally excluded from further analysis. Conversely, the weak transcriptomic responses to

other drugs may have been due to insufficient concentrations or suboptimal duration of in-

cubation. Transcriptomic responses can be comparatively quick, on the order of a few hours

[27], which could be missed with a 20-hour endpoint. This experiment could be performed

several times to hone in on the optimal concentrations and incubation conditions, however

this runs contrary to the high-throughput premise of the Screen-seq platform.

Screen-seq can be improved with additional methods to capture cell responses to different

concentrations of a reagent. Pulse-width modulation is a method used in electronics and

communications to control the time-averaged strength of a signal with a two-state controller

[28], and can be applied to valve-based microfluidic devices to produce reagent flows at

intermediate concentrations [29]. In the Screen-seq chip, the reagent/vehicle valve pairs

can be alternately actuated at a frequency much higher than the transition window. As

the frequency increases, the concentration of the reagent at the droplet generation junction

will approach a 50% steady-state value. By varying the duty cycle of the alternating valve

actuation, this steady-state value can be precisely adjusted to select a specific concentration

for droplet generation. The concentration of each reagent in the droplet is already encoded

by the current barcoding strategy, however the noise of this signal will limit the resolution

of measurement. The barcoding schema can be modified to instead use a unique barcode for

each vehicle, which may improve the resolution.

Supplementary barcodes can also be used to capture responses of cells sampled at different

time points [30]. Each sample can be labeled with a unique hashtag oligonucleotide, either

before droplet encapsulation or prior to scRNA-seq, and pooled together for multiplexed

analysis in one experiment. This approach is commonly used in single-cell analysis to produce

"pseudotime" trajectories that link snapshot measurements of different, but correlated, cell

populations together [30, 31]. Integration of time-resolved barcoding and pseudotime analysis

into the Screen-seq platform can capture both short- and long-term transcriptomic responses
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at once.

Screen-seq was initially designed with cancer drug screening in mind, however the technol-

ogy can be more broadly applied to investigate other diseases and biological systems. Immune

cells can be incubated with various combinations of cytokines to understand how complex

chemical environments can be sensed and internally modeled by cellular pathways. Signaling

molecules and hormones can be screened on stem cells to find combinations that drive dif-

ferentiation along desired paths. The microfluidic and molecular platform discussed in this

chapter has been validated for broad applications in high-throughput reagent screening, and

there are many possibilities. Screen-seq serves as an important step towards improving the

throughput and capabilities of single-cell analysis.

5.6 Methods

5.6.1 Device design and fabrication

The Screen-seq microfluidic chip was designed with AutoCAD software (Autodesk) and fabri-

cated with standard soft lithography protocols. Briefly, molds for each device were produced

on silicon wafers with SU-8 3025 (Kayaku) and AZ 40XT (Microchemicals) photoresists. The

AZ photoresist was used to produce rounded feature cross-sections at valve junctions, through

overnight reflow at 200C, to ensure that channels are completely sealed. The molds were

used to embed the design for the control and flow layers in polydimethylsiloxane (PDMS).

The control and flow layers were bonded together and to glass with a plasma cleaner (Har-

rick) under pure oxygen and at high power for 25 seconds. Finally, the device fluid channels

were rendered superhydrophobic with Aquapel, flushed with air, and baked overnight.
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5.6.2 Chip operation

All fluidic reagents were dispensed and prepared in 2 mL microcentrifuge tubes with mem-

brane caps (Sarstedt). Tubes were connected to the Screen-seq device via Tygon microbore

tubing and blunt needles. A digital pressure controller (Elveflow OB1) was used to inde-

pendently set the pressures for the oil (BioRad Droplet Generation Oil for EvaGreen) and

cell sample tubes, as well as a 16-plex tubing manifold connected to all screening reagents

and vehicle controls. The microfluidic valves were controlled via external electronic solenoids

assembled on a custom structural rig and connected via Tygon tubing. The solenoids in turn

were actuated by a USB microcontroller (Elexol), which was programmed through custom

Python software.

5.6.3 Fluorescence validation

Fluorescein sodium salt (Sigma) and resorufin sodium salt (Cayman Chemical) were used

to quantitatively measure the controlled droplet generation process. Droplets were collected

in a microcentrifuge tube and imaged in a monolayer on a hemocytometer (Neubauer) with

a fluorescence microscope (Nikon). A simple image segmentation pipeline was written in

Python to detect each circular droplet in brightfield images, and the corresponding pixels

in the fluorescence channels were summed together to quantify the concentration of fluo-

rochrome in each droplet.

5.6.4 Barcode synthesis

Anti-CD298 antibodies were purchased from BioLegend and functionalized with dibenzo-

cyclooctyne (DBCO) groups with an amine-reactive NHS ester (DBCO-PEG4-NHS ester,

Click Chemistry Tools). A NanoDrop spectrophotometer was used to measure the average

number of DBCO groups added per antibody (5.18). Antibodies were conjugated to Cy5

through copper-free click chemistry (Cy5-azide, Click Chemistry Tools) for flow cytometry.
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17 oligonucleotides were purchased from IDT with azide functionalization of the 5’ end. The

oligonucleotides contained regions for hybidization of Illumina TruSeq Read 2 primer and

10X Capture Sequence 1. Each oligonucleotide contained a 15-bp barcode sequence and was

selected to be a Hamming distance of at least 7 bases apart.

5.6.5 Cell culture

K562 cells were obtained from ATCC and cultured in Iscove’s Modified Dulbecco’s Medium

(IMDM) supplemented with 10% (v/v) fetal bovine serum. Subculturing was performed

every 3 days to maintain cell density between 1x105 and 1x106 cells per mL.

5.6.6 Sample and reagent preparation

OptiPrep gradient density media (Sigma) was used to prepare all reagents at 16% (v/v) in

complete IMDM. For screening, cells were counted and resuspended in the density-matched

media at 1x106 cells per mL. Barcodes were diluted to 10 nM in density-matched media.

Chemotherapy drugs (cytarabine, dasatinib, imatinib, homoharringtonine, hydroxyurea, rux-

olitinib, tanespimycin, and vorinostat) were purchased from Cayman Chemical and resus-

pended to 1 mg/mL in DMSO or PBS. Drugs were then further diluted in PBS to 0.1-1

µg/mL.

5.6.7 Droplet incubation and lysis

Droplets were collected in a microcentrifuge tube and incubated at 37C for 12-24 hours. For

droplet lysis, the bottom layer of oil was first removed with a micropipette. An equivalent

volume of perfluorooctanol (PFO, Sigma) was added along the walls of the tube and dropped

through the emulsion layer to the bottom of the tube. The tube was then tilted 45 degrees

and rotated about its long axis for 30 seconds to encourage droplet coalescence. The tube

was then centrifuged at 100 x g for 10 seconds to completely separate the PFO and media
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layers. The PFO was then removed with a micropipette and the aqueous (cell-containing)

remainder was transferred to a 5 mL Falcon tube containing 2 mL of PBS + 1% BSA. Cells

were washed twice with additional PBS + 1% BSA and then resuspended in PBS + 0.04%

BSA.

5.6.8 Single-cell sequencing

scRNA-seq was performed according to the 10X Genomics protocol for Chromium Next

GEM Single Cell 3’ Reagent Kit v3.1 (Dual Index) with Feature Barcode technology for

Cell Surface Protein. The protocol instructions were followed with the recovered cells to

produce two separate DNA libraries for reverse-transcribed mRNA and captured Screen-seq

barcodes. A NextSeq 2000 Sequencing System (Illumina) was used to sequence the DNA

libraries: a P1 reagent cartridge and flow cell were used for the Screen-seq barcodes and a P2

reagent cartridge were used for cDNA. PhiX spike-ins were added to the barcode and cDNA

samples at 1% and 40%, respectively, to maintain nucleotide diversity during sequencing.

5.6.9 Data analysis

Sequencing FASTQ files were uploaded to the 10X Genomics Cloud Analysis system. This

tool runs the 10X Genomics cellranger pipeline on a computer cluster to align RNA reads

to the genome a produce a gene expression matrix for the cells in the sample. The scanpy

Python library [32] was used for quality control of the scRNA-seq data as well as clustering

with the Leiden algorithm [33]. Seaborn [34] was used for all data visualization.
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CHAPTER 6

CONTRIBUTIONS AND OUTLOOK

Drug screening systems can help comb through the space of treatment possibilities to find

promising options for clinical studies. This strategy is especially important for cancer treat-

ment, as there is a large number of drugs that may be effective in different cases. The

research contributed in this dissertation focused on working with drug screening systems to

improve the number of testable conditions (throughput) and the richness of measurement

outputs (content).

OrganoID automates the image analysis process for organoid experiments, which can be a

key bottleneck for throughput. The software tool was used to measure detailed morphological

responses, which uncovered changes in the shape and size of pancreatic cancer organoids with

the addition of a chemotherapy drug. Organoids can be tracked over time, through brightfield

microscopy, without the need for fluorescent dyes or genetically engineered fusion proteins.

PicoScreen brought the focus to the microfluidic level with a novel device strategy for

drug screening. Multiplexed membrane valves and droplet microfluidic geometry were com-

bined into a single device to produce droplets with controllable chemical compositions. The

droplets were then stored on-chip in an ordered array, so that responses can be followed with

microscopy over time. PicoScreen was tested with food dye for qualitative validation, which

supported further development. This tool can have many exciting applications in both bio-

logical and cell-free systems, such as cancer drug screening, antibiotic resistance screening,

bacteriophage screening, or optimization of protein crystallization conditions.

Screen-seq adapted the microfluidic schema from PicoScreen to instead uncover changes

in cellular transcriptomes in response to different combinations of reagents. The microfluidic

chip was designed such that each droplet was paired with the appropriate negative control and

contained the specifically programmed chemical composition with additional sorting valves.

Antibody-olignucleotide conjugates were synthesized to encode the droplet contents on each
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cell, which could be measured and decoded alongside the transcriptome through commercial

single-cell RNA seqeuencing. This system was validated extensively with both fluorophores

and a sequencing experiment, and was preliminarily explored to screen combinations of

cancer drugs, which identified important future directions for the project.

These works are considerable contributions to the field of high-throughput screening.

Microfluidic, computational, and molecular strategies can be used to supplement existing

platforms, so that more conditions can be screened in tandem, more efficiently, and with more

information-rich measurements. Through further development and exploration, OrganoID,

PicoScreen, and Screen-seq will play central roles in the effort to more comprehensively and

expediently investigate biological and biochemical phenomena, so that disease processes,

such as cancer, can be more thoroughly understood and effectively treated for each and

every patient.
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