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Abstract

This thesis describes the projects | have worked on since starting the
Caltech bioengineering program in fall 2017 The general theme of
my projects is that they are all about single cell RNA sequencing
(scRNA-seq), spanning the experimental and computational realms.

Chapter 1 is an introduction explaining the essential concepts and
is meant to be readable by a wide audience. For the other chapters,
each one describes a separate project in a succinct manner, including
links to the related preprint, published paper or code repositories at
the start of each chapter.

Chapter 2 describes the scVI generative model for sScRNA-seq data
and the scvi-tools framework, which forms the basis of many of my
computational projects.

Chapter 3 describes an open source3D printable syringe pump
system that was developed envisioning facilitating many kinds of
experiments, in particular droplet based scRNA-seq.

Chapter 4 describes a new way of fabricating hydrogel beads with
unigue DNA barcodes that are used for scRNA-seq experiments.

Chapter 5 describes a database listing most published scRNA-seq
studies that | helped create, and provides a useful overview of the
state of the eld.

Chapter 6 describes the kallisto bus work ow, which is used for
pre-processing scRNA-seq data, going from FASTQ le to gene count
matrix in a very ef cient manner.

Chapter 7 describes a new way of using scVI to quantify the trade-
off in the quality of scRNA-seq of a given dataset when surveying
more cells or sequencing more reads per cell.

Chapter 8 describes tools developed for the WormBase users to
leverage scRNA-seq data onC. elegansand which can be deployed
with any other scRNA-seq dataset.

Chapter 9 describes a remarkably successful offshoot of the devel-
opment of these tools: a simple scVI based analysis and visualization
strategy for nding candidate marker genes using C. eleganscRNA-
seq data, which was experimentally validated by members of the
Sternberg lab.
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1 Introduction

Aside from viruses, all living things are made of cells, self replicating
bags of molecules. There are many types of molecules in the cell, but
here we will focus almost exclusively on only three important kinds:
DNA, RNA, and protein. They are polymers, chains of a few kinds of
molecules that serve as building blocks, called monomers. Different
monomers, being different molecules, have different properties (size,
charge, how exible they are), and their sequence determines the
properties of the polymer. This is why sequencing is such an impor-
tant tool in molecular biology: it allows us to identify what molecules
are present in a sample, and what their properties are.

In proteins the monomers are amino acids. There are 20 of them.
All you need to remember is that amino acids can have very different
properties and are really versatile, enabling proteins to do all kinds
of things in the cell, such as chemical reactions. Proteins that perform
chemical reactions are called enzymes.

In DNA (deoxyribonucleic acid) the monomers are nucleotides:
adenine (A), thymine (T), guanosine (G) and cytosine (C). The back-
bone of DNA contains a sugar molecule called deoxyribose that has
an oxygen atom making it very stable and rigid. This stability makes
DNA an excellent medium to store the genetic information of the cell.
When a DNA molecule is paired with another containing a comple-
mentary sequence, it forms the famous DNA double helix structure.

In a cell the DNA molecules with the instructions for everything
the cell does are called the genome. In all multicellular organisms
the cell genome is tightly tucked away inside the nucleus, a compart-
ment from which molecules cannot easily get in or out of. Having
a nucleus is the de ning feature of eukaryotes. Many single celled
organisms do not have a nucleus, they are prokaryotes and archaea,
and their genome is oating all around the cell in as one or more
more big pieces of DNA.

In RNA (ribonucleic acid) the monomers are adenine (A), uracil
(U), cytosine (C), and guanine (G). The information encoded in the
sequence of bases in a piece of DNA can be copied into an equivalent
sequence in an RNA molecule. This process is called transcription, it
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is done by an enzyme called RNA polymerase. RNA molecules pro-
duced from a DNA template are called transcripts. A major function
of RNA in the cell is to serve as a template for copying some infor-
mation from a stretch of DNA and taking it to other places in the cell
to make proteins. The kinds of RNA that are speci cally being used
to make protein are called messenger RNA (MRNA). Stretches of the
genome that contain information that encodes transcripts are called
genes.

The backbone of RNA is a ribose sugar. It similar to deoxyribose,
which forms the backbone of DNA, but without an oxygen atom.
That makes RNA oppier so it can fold in many kinds of different
structures and perform other useful things in the cell. The best exam-
ple of this is the ribosome, the molecular machinery that makes pro-
tein by reading the sequence of amino acids to add from a molecule
of mMRNA.

To summarize: The process of going from DNA to RNA is called
transcription, done by RNA polymerase enzymes. These RNA
molecules are transcripts. The control of this process by the cell is
transcriptional regulation. The segments of DNA containing the in-
formation to make transcripts are called genes. Going from RNA to
protein is called translation. Translation is done by ribosomes, large
molecular machines made of RNA and protein. The process of pro-
ducing the molecules that are used by the cell (which sometimes are
the RNA molecules themselves, sometimes proteins) is called gene
expression.

When RNA is rst transcribed it is all located in the nucleus, and
to perform most of its functions it must be exported out of the nu-
cleus into the cytoplasm (the rest of the cell). However, RNA that will
become proteins, called messenger RNA (MRNA) must rst be pro-

cessed before being exported. That is because not all of the content of

a gene may be an exon, a region which encodes a part of a protein.
So the pre-mRNA undergoes splicing, a process where introns, the
parts that don't encode protein, are removed and the ends are joined
together, leaving a mature mRNA made entirely of exons. Splicing is
done by the spliceosome, a molecular machine located in the nucleus
that, like the ribosome, is made of both protein and of RNA. This is
summarized in Figure 1.1.

This ow of information also re ects how hard it is to study RNA,
DNA and protein in cells. Between 2007and 2010with the introduc-
tion of next-generation sequencing technologies (NGS) the costs for
DNA sequencing plummeted by about ten thousand times to about
ten cents per million base-pairs sequenced!. Now that cost is at about
one cent per million base-pairs. Decreasing costs made our ability to
read DNA a commodity tool, and makes it very convenient to have

1 The NIH tracks the cost of DNA
sequencing and brie y discusses it's
evolution here: https://www.genome.g
ov/about-genomics/fact-sheets/DNA-
Sequencing-Costs-Data
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Figure 1.1: An overview of the pro-
cesses that happen inside the cell when
going from DNA to protein.
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sequences be the information output of many biological experiments.
If the experiment to answer a biological question can be turned into
a sequencing problem, it can be done cheaply, and it can be done at
scale.

Because we can convert RNA to DNA using reverse transcrip-
tase enzymes, it is possible to use DNA sequencing to study RNA
molecules. We can't do the same thing with proteins, and so it is
harder to study protein molecules than it is to study DNA or RNA.

The DNA of an individual is essentially the same across all cells.
DNA is a very stable molecule, and the genome has to be very stable
so that it can be reliably copied and passed on to the next generation
of cells. With RNA it is a different story. Every cell at each moment
will have a different composition of RNA molecules, which re ects
what the cell is doing at that point in time. Transcriptional regulation
is how the cell controls how much and what kinds of RNA molecules
it makes.

Understanding transcriptional regulation is key for understand-
ing, controlling, modifying and engineering biological systems. To
study transcription it is necessary to measure the RNA in the cell.
Experiments that use sequencing to look at the composition of RNA
molecules in a sample are commonly referred to as RNA-seq experi-
ments2.

Because the RNA in a cell changes all the time, there is an endless
amount of RNA-seq experiments that could be performed in a single
species - even in a single individual. One of the most informative
things to look at are the differences between individual cells and
populations of cells, or tissues. A tissue sample will contain multiple
cell types, and each cell might be in a different stage doing different
things. The average of the RNA contents of all the cells in a tissue
is usually going to be very different from the contents of each cell,
because usually cells in a tissue will have very different content. This
heterogeneity of a population of molecules in cells is what makes
it important to measure their RNA content many times and under
multiple conditions.

Not all types of RNA are heterogeneous. For many types of RNA
the composition across cells is largely the same, and it doesn't change
much over time - these kinds of RNA are very homogeneous across
cells. Ribosomes, which are made of a few several dozen molecules
of RNA and protein are the prime example of RNA homogeneity in
cells. Cells need to make a lot of protein very quickly, so they have
a lot of ribosomes, and sometimes up to 80% of the RNA in a cell is
ribosomal RNA, which will always have the same composition. Thus
it is not interesting to measure the ribosomal RNA of cells multiple
times under multiple conditions, because it doesn't change much

2|f interested, the best resource | know
of to learn all the important aspects

of RNAseq experiments (most of

which also apply to scRNA-seq) is

the RNA-seqlopedia, written by the
Cresko Lab of the University of Oregon:
https://rnaseq.uoregon.edu/



Fortunately eukaryote organisms evolved a mechanism to add
a special tag called polyadenylation tail to mRNA that allows for
capturing and sequencing only mRNA molecules, which change all
the time and are very interesting to measure. As part of pre-mRNA
processing, dozens to hundreds of A letters (adenine molecules) are
added to the end of every mRNA molecule. This long AAAAAAA...
sequence makes it straightforward to capture, amplify and sequence
the mMRNA of a sample by using a single probe that is complemen-
tary to the poly A tail - a poly T probe: TTTTTT...

Because of this quirk of biology, it is possible to look at all the
MRNA in cells without the need to capture everything else, which
would include all of the homogeneous ribosomal RNA, and which
would signi cantly increase sequencing costs and make many exper-
iments impractical. There are other heterogeneous RNA molecules,
such as long non coding RNAs (IncRNA) that do not have poly A
tails. As a casualty of convenience, these other kinds of RNA that do
not have a poly A tail do not get studied nearly as much as mRNA.

It is possible that we are missing fundamental parts of the puzzle by
focusing too much on only mRNA, but only time will tell.

An alternative strategy to capturing everything is to use specic
probes to capture only things you already were interested in ahead of
time. This latter approach is what was used in microarrays 3, which
were invented in the 1980 and widely used into the 201Gs, when
RNA-seq became a very popular technigue due to lower requencing
costs and the ability to capture all MRNA without deciding what to
look for ahead of time.

There are multiple variations of experimental procedures for per-
forming RNA-seq, but it typically involves the following main steps.

1. A sample containing cells is homogenized, meaning the cells are
broken using reagents such as detergents, and the RNA is released
in solution. Typically the sample will be enriched for mRNA and
then puri ed.

2. Using the reverse transcriptase enzyme, a strand of DNA that
is complementary to each RNA piece is created. This DNA is
referred to as cDNA (complementary DNA).

3. The long cDNA pieces, that can be several thousand of base pairs
long (many transcripts are very long!) are broken into smaller
pieces of no more than a few hundred base pairs each, as the se-
guencing platform usually requires short pieces.

4. Extra sequences are added to the ends of each cDNA molecule so
that they can be sequenced and the cDNA is ampli ed (meaning
many copies of each cDNA molecule are produced). The exact

introduction 5

3 For the interested reader, here is a nice
historical review of the invention of
microarrays:

Michael C. Pirrung and Edwin M.
Southern. The genesis of microar-
rays. Biochemistry and Molecular Bi-
ology Education42(2):106-113 2014
doi: 10.1002bmb. 20756
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steps vary depending on protocol. The process of preparing a
collection of cDNA molecules for sequencing is typically referred
to as library preparation.

5. After library preparation the sample is sequenced, and a list of
the sequences in each cDNA fragment is created. Processing and
analyzing this list of strings containing the four letters ATCG
comprises most of the discipline of bioinformatics.

Single cell RNA sequencing (scRNA-seq)

As sequencing costs decreased it became possible to process more
RNA-seq samples in a single experiment. But the samples for “bulk”
RNA-seq samples are essentially a smoothie of a piece of tissue, and
this makes it hard to look at the cellular heterogeneity. For example,
if a tissue consists of many different cell types, like the brain, then it
is hard to obtain a pure sample that has only one cell type in it, such
as neurons or glial cells, because different cell types are physically
intermingled and it is hard to separate them.

Additionally, because cells of the same type can be in different
states doing different things, looking at heterogeneity at the individ-
ual cell level requires a way of separating and sequencing the RNA
from individual cells. For example, a cell undergoing division (in the
mitotic phase, when cell growth stops) will be expressing different
genes than a cell that is quiescent or growing (in the interphase).

This is the fundamental motivation behind single cell RNA se-
guencing (scRNA-seq) and all other single cell techniques: to be able
to look at heterogeneity and understand how the cells in a sample
are different from each other it is necessary to measure each cell indi-
vidually. If a tissue does not have a lot of cellular heterogeneity, then
there is not much more to be learned from looking at individual cells
than from an average aggregate. The difference between single cell
RNA sequencing and bulk RNA sequencing is that between drink-
ing a smoothie and tasting individual berries. While on average the
smoothie and berries will look the same, the smoothie taste masks
the heterogeneity of individual members of the berry population.

The output data of a SCRNA-seq experiment is a gene count ma-
trix, containing one row for each cell, and one column for each gene
from which an mRNA came from. Across all cells usually between
10.000to 20.000genes are seen, and a typical experiment will survey
a few thousand cells, although it is currently possible to survey tens
or even hundreds of thousands of cells in larger experiments.



Steps in sScRNA-seq experiments

A Typical scRNA-seq has three main steps: cell isolation, barcoding,
and library preparation. Chemically speaking, scRNA-seq is very
similar to (bulk) RNA-seq with very little starting material - a typi-

cal mammalian cell has on the order of a hundred thousand mRNA
molecules®. Nevertheless, a now typical SCRNA-seq experiment se-
guences between about500to 10.000 original mMRNA molecules per
cell, which suggests we are surveying 1-10% of the mRNA molecules
in each cell.

Cell Isolation: Cells are physically dissociated and usually iso-
lated physically, being separated into different containers, for ex-
ample, in the wells of a -well or 384well plate. Three kinds of ap-
proaches are used for the physical separation of cells: plate based,
droplet based, and split-pool based methods. Methods are frequently
grouped according to the cell isolation method, which we discuss
more below.

Barcoding: Upon reverse transcription, two short sequences (10-
20bp) are added in addition to the mRNA cDNA sequence: a unigue
sequence corresponding to the original cell, plus a random sequence
corresponding to the original molecule, called a unique molecu-
lar identi er (UMI). Most scRNA-seq methods have UMIs, as their
absence makes accurate quanti cation of original molecules signi -

introduction 7

Figure 1.2: The difference between
single cell RNA sequencing and bulk
RNA sequencing is that between drink-
ing a smoothie and tasting individual
berries. While on average the smoothie
and berries will taste the same, the
smoothie taste masks the heterogeneity
of individual members of the berry
population.

4 A mammalian cell typically has 10
20pg of RNA and the average mRNA
molecule has 2200bases, corresponding
to about 500daltons, so 10pg of RNA
corresponds to about one million RNA
molecules. It is estimated that 2-5% of
the RNA in a human cell is mRNA,
thus 20,000-50,000MRNA molecules is
a reasonable estimate for the number of
mMRNAS to expect in a typical cell. This
estimate shouldn't be taken blindly,
as different cell types can vary wildly
on their sizes, and mammalian cells
tend to be larger compared to other
species. But the take home message is
that scRNA-seq seems to be capturing a
large fraction of the mRNA in cells.
See the three relevant BioNumbers
entries for this estimate at:
https://bionumbers.hms.harvard.e
du/bionumber.aspx  7d=111204 ,
https://bionumbers.hms.harvard.e
du/bionumber.aspx 7d=101469&ver=1
https://bionumbers.hms.harvard.e
du/bionumber.aspx  7id=111540
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cantly harder®.

Library preparation: Cells then undergo the same procedure
performed for bulk RNA-seq samples, but on a much smaller scale of
individual reactions.

Main kinds of scRNA-seq cell isolation methods

There are now hundreds of studies describing different methods and
protocols for performing scRNA-seq. Often these methods are tweaks
and improvements on existing methods. Broadly speaking, there

are three main ways in which cells may be isolated and barcoded:

in physical containers (plate methods), in micro uidics emulsions
(droplet methods) and via sequential split-pool barcoding.

Plate based methods: Cells are manually or robotically isolated
in physical compartments such as 96 or 384 microwell plates, with
a typical throughput of hundreds or thousands of cells. Barcoding
happens by adding a distinct DNA barcode to each well.

Droplet based methods: Cells are encapsulated in a droplet using
a micro uidic device. In addition to a cell, each droplet also encap-
sulates a DNA coated bead, and this DNA has a unique sequence
for each bead. Upon lysis, the cell releases it's mMRNA which is cap-
tured by the bead DNA and reverse transcribed so that the barcode is
added to the cDNA pieces.

Split-pool methods: Cells are not all physically isolated at once.
Instead, the sequence and the transcript sequence are now on the
same piece of DNA. Cells are manually or robotically split into a few
dozen or few hundred separate compartments. Within each compart-
ment a partial barcoding happens, adding a common barcode to all
cells in it. Cells are then mixed back together, and then split again,
repeating this procedure. The number of potential barcodes that can
be created is given by the number of compartments to the power of
the number of rounds. By making the number of potential barcodes
much greater than the number of cells (e.g. a million barcodes with
ten thousand cells) the number of cells with the same barcode can be
made very small, and thus each cell can be considered to receive a
unique barcode.

® That's because when individual
molecules are copied via PCR (poly-
merase chain reaction) different
molecules have different numbers of
copies made. If there are no UMIs, it

is impossible to tell how many mRNA
molecules (transcripts) of each gene
there were originally, because two tran-
scripts of the same gene often have the
exact same sequence. In order to quan-
tify original abundances without UMIs

it is necessary to make estimates of how
much each transcript gets ampli ed
based on their sequence (which can
cause ampli cation biases), and this is a
hard challenge.
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Figure 1.3: Conceptual illustration of
the three barcoding strategies: plate
based, droplet based, and split-pool
based methods.
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Annotating scRNA-seq data

The gene count matrix produced by a scRNA-seq experiment con-
tains the information of how many mRNA molecules from each gene
were seen in a cell. Identifying what types of cells exist in a sam-
ple based on the transcripts seen is a task commonly referred to as
annotation.

Annotation is fundamental, because strati cation of data in a sam-
ple is the whole point of sScRNA-seq: if you don't annotate you can't
stratify groups to compare, for example neurons vs glial cells. With-
out identifying the subpopulations present in a sample, scCRNAseq
yields information equivalent to bulk RNA-seq, where the transcripts
of all cells are averages.

Annotation is perhaps the biggest challenge when datasets are the
rst of their kind: when doing an experiment on a new species, a
new tissue, or a new technique for the rst time. In such cases direct
comparison with existing datasets may not be possible. These novel
datasets typically need to undergo exhaustive manual annotation,
and the annotated dataset forms a stepping stone for subsequent
studies in related systems.

When a biological system has been extensively studied using other
methods, it is often possible to annotate cell types by carefully re-
viewing the literature for marker genes, which are genes that are
only expressed in one or a few cell types. With a list of marker genes
for each cell type of interest in hand it is possible to annotate them in
a sample.

Some systems such as blood have only a few cell different cell
types, all already well studied and with distinct marker genes. This
enables annotation of cell identity with con dence. However, when
there are dozens or hundreds of potential cell types, and when not all
of them have well established markers (or when the known markers
cannot delineate different states), assigning cell identity is a more
subjective task.

In these cases the common approach is to try to cluster (group) the
cells based on some measure of similarity, compare each cluster with
the remaining cells, and then based on the genes that are different
between the two groups (differentially expressed genes), attempt to
identify a subset of them matching the pro le of a known tissue.

This process has many caveats. There are many different work-
ows that could be used to de ne clusters. The degree to which
clusters should be broken down or combined is also subjective. Ide-
ally each cluster should correspond to a single cell type, but how to
know when that is the case? Even when cell types are well de ned,
if there are many of them, multiple rounds of clustering, inspection,



and sub-clustering may be needed.

One strategy to address some of this is to use a hierarchical taxon-
omy instead of a at one. In addition to re ecting the fact that certain
cell types can have subtypes and sub-subtypes, a taxonomy also nat-
urally re ects the uncertainty in our classi cation. For example there
might be clear neuronal markers that distinguish them from glia and
other brain cells, but some neuron types might be better character-
ized than others, meaning that as we go down in the taxonomy the
uncertainty increases. It is fair to say that annotation of cell types in
a new biological sample is the most challenging and time consuming
step of sScRNA-seq analysis.

scRNA-seq and machine learning

Over the past few years, the amount of data being generated with
scRNA-seq techniques has scaled exponentially, with the number of
cells surveyed in a single study going from dozens to millions ©. Each
year hundreds of studies are published, often containing dozens of
experiments and tens of thousands or hundreds of thousands of cells
each. This is because for a few thousand dollars, it is now possible to
pro le tens of thousands of single cells in a standard experiment .

An interesting feature of scRNA-seq data is that it is very stan-
dardized: a big sparse matrix of cells by gene counts, and at the
moment most of it is produced with one technology commercial-
ized by one company, 10x Genomics (the same way that almost all
sequencing is done with technology commercialized by Illumina).

Because the data generated by a sScRNA-seq experiment captures
data from all mMRNA in the cell, data generated to answer one partic-
ular biological question may lend itself to answering other questions
that look at different aspects of biological variation. For example,
in one of the projects described here we were able to use published
scRNA-seq data on C. elegango identify new neuronal marker genes.

As we develop better techniques to integrate, annotate and com-
pare cells, old data gains new value. It may be reanalyzed together
with new data, and the number of questions and experiments one
could conceive from the large datasets being created is much greater
than any individual lab could pursue, and the great boon of sharing
data is enabling reanalysis and asking new questions.

This stands in contrast to the way most experimental science is
conducted: with experiments carefully designed to gather the right
data to answer a speci ¢ question. As the amount of public data con-
tinues to grow exponentially, we will have to learn to come back to
old data armed with new questions, principled methods, and a lot of
scruples so as not to end up xating on artifacts. Perhaps not xating
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6Valentine Svensson, Roser Vento-
Tormo, and Sarah A. Teichmann.
Exponential scaling of single-cell
RNA-seq in the past decade. Nature
Protocols 13(4):599-604, April 2018
doi:10.1038nprot. 2017149

" A standard scRNA-seq experiment
from 10x Genomics (https://10xgen
omics.com ) will cost $10002000for
10-20k cells plus another $1000-2000for
sequencing.
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on artifacts will be easier to do with old data, since with new data
there is typically a much greater motivation to nd “something”.
It is interesting to note that this is not a new phenomena in the bi-
ological sciences - very much the same kind of thinking was spurred
by microarrays, and long after writing the preceding paragraph, | ran
into the following passage in this 2006article on microarrays by Jorg
D. Hoheisel 8. Nothing new under the sun, as they say: 8 J6rg D. Hoheisel. Microarray tech-
Microarray technology has initiated an experimental approach thatis ~ N°lody: beyond transcript proling
. . . . and genotype analysis. Nature Reviews
based on unbiased sample screening and accumulation of data, preceding Genetics7(3):200-210, March 2006
the formulation of hypotheses. To an extent, it has placed data production doi:10.1038nrg 1809
before intellectual concepts, although of course further and more detailed
studies are required to con rm and re ne the hypotheses that result from
such studies. In this respect, biology is becoming more similar to physics.
Although the value of this approach in biology is still a subject of debate,
physics has clearly demonstrated its power. However, even those who are
used to microarray technologies sometimes still need to dissociate themselves
more fully from a hypothesis-driven view, as it is not data production but
data interpretation that is still often biased by pre-existing ideas.
At the same time that this tidal wave of biological data started,
driven primarily by ever decreasing sequencing costs, another rev-
olution started unfolding in statistics and computer science, driven
primarily by ever decreasing computing costs. In the past decade the
broad eld of machine learning saw very rapid development as ever
larger neural networks were successfully applied in all kinds of ways
to all kinds of data, such as image classi cation, speech recognition,
and control systems.
The current wave of excitement got started in 2012with the suc-
cess of AlexNet, a neural network for image classi cation that per-

formed signi cantly better than everything else at the time 9. This ®The story of how AlexNet kicked
caused an ongoing ood of attention, investment, and research devel- off the current excitement wave is

. . . . . chronicled in this 2018Quartz article:
oping all kinds of extremely clever algorithms for dealing with data. https://web.archive.org/web/202103
Often these ideas are tested in toy and benchmarking scenarios (such 01025354/https://qz.com/1307091/the

-inside-story-of-how-ai-got-good-e

as standard sets of images or texts used in benchmarking), because 4 -
nough-to-dominate-silicon-valley/

that's where a lot of curated data is readily available.

But as time goes on and the dust settles, people start applying the
most promising ideas and algorithms to new domains, and seeing
what works well and what doesn't. This is where machine learning
really impacts science, when expert domain knowledge is coupled
with judicious application of suitable algorithms for the system at

hand.
Single cell RNA sequencing in particular is at a really interesting
point 19, because the data is all in a standard format (a matrix), there 10 The other really interesting high-
is a lot of it publicly available, and there is a lot of interest and po- throughput standardized kind of data
. . . . . . being created in biology is imaging
tential for doing something useful with this data. At the same time, data, for which translation of machine

learning methods should be even more
straightforward, since many of them are
already developed for images.



there aren't yet enough people thinking about it from the machine
learning side. It has only been 9 years since AlexNet, and indus-

try has so far soaked up most of the machine learning trained re-
searchers, and I think the landscape will change dramatically in the
coming years as machine learning researchers turn their attention to
other kinds of standardized data.

This bonanza of computational methods is a blessing (and a tem-
porary headache) for biologists drowning in data. While we now
have ef cient methods for dealing with high throughput scRNA-seq
data, there are many of methods!!. These tools range from unpub-
lished scripts, preprints, to entire frameworks maintained by several
people, and it is not at all clear which one is the “best”. Rapid devel-
opment also means that careful benchmarking and comparison ends
up on the back burner. It will likely take a few more years for the
dust to settle.

For example, in the beginning of scRNA-seq, many methods for
doing differential expression and visualization were directly taken
from bulk RNA seq. Although the experimental methods are very
similar, the data from single cell and bulk RNA seq are different, and
linear algebra techniques should not be judiciously applied 12.

Even though they are commonly applied, techniques like normal-
ization and log transformation are prone to introducing artifacts and
false variability on scRNA-seq data. Given a matrix of gene counts
X, normalization is the practice of taking the counts Xjq of cell i and
gene g and dividing them by a cell scaling factor S to obtain a new
normalized value Xjg/ S . Log transformation usually means adding
a pseudocount,qwhere usually ¢ = 1) to the original count value and
taking the log of that, to obtain a new value log(Xq + ¢), but could
also mean performing that operation with the normalized values;
log(Xig/ S + c) . For a discussion on systematic errors caused by
normalization and log transformation, see Lun 20183, For another
discussion on these issues and problems that might arise due to nor-
malization and log transformation, as well as a proposed alternative
to standard PCA that does not rely on the Gaussian assumption see
Townes 201914,

On the next chapter we will talk about one way to deal with these
challenges: using bayesian generative models, particularly in the
context of the scvi-tools framework (scvi-tools.org ), which offers an
extensible collection of generative models tailored for scRNA-seq
data.
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1 https://scrna-tools.org currently
counts 1059tools developed for dealing
with scRNA-seq data.

Luke Zappia, Belinda Phipson, and
Alicia Oshlack. Exploring the single-cell
RNA-seq analysis landscape with the
scRNA-tools database. PLOS Computa-
tional Biology 14(6):€1006245 June 2018
doi: 10.137%journal.pcbi. 1006245

12 For example, the commonly used
principal component analysis method
models data as coming from a con-
tinuous multivariate distribution, and
optimizes a gaussian likelihood. The
fact that normal distributions are not
appropriate for dealing with low count
values (where discreteness becomes
apparent) and that poisson or negative
binomial distributions should be used
was already discussed by Anders and
Huber in 2010in the paper where they
introduced the popular DESeq package
for performing differential expression
on bulk RNAseq data.

Simon Anders and Wolfgang
Huber. Differential expression
analysis for sequence count data.
Nature PrecedingsMarch 201Q
doi:10.1038npre. 201042821
13 Aaron Lun. Overcoming systematic
errors caused by log-transformation of
normalized single-cell RNA sequencing
data. page 404962 August 2018
doi:110110¥ 404962
14 F. William Townes, Stephanie C.
Hicks, Martin J. Aryee, and Rafael A.
Irizarry. Feature selection and dimen-
sion reduction for single-cell RNA-Seq
based on a multinomial model. Genome
Biology, 20(1):295 December 2019
doi:10.1186s 1305901918616
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Challenges in academic bioinformatics software development

Many common development issues with bioinformatics tools are a
direct consequence of the common incentives in academia, where the
publication prestige incentivizes people to claim to have done some-
thing novel often leads people to try to reimplement the wheel in-
stead of adding onto existing tools, so that they can be better framed
as something new and made from scratch. In a “hot” and rapidly

eld like scRNA-seq this causes the following issues which are fre-
guently witnessed in academic software development:

Software is often developed by a single person. This increases
the odds of bugs and problems with the implementation, because no
one else reviews the code. Peer reviewers will not typically review
someone's code (it is a lot of work) and just because code is open
source and available it does not mean other people will check it. In
practice having multiple people working on a codebase is the surest
way to decrease the occurrence of errors, while at the same time
making the code more readable for others.

The codebase is frequently not developed further after publi-
cation. Often this is because the academic incentives diminish after
having a publication accepted, or because the person who wrote the
code graduates and leaves the lab.

Work ows and methods are developed as ad hoc tools.  Fre-
guently new work ows are not thought through and many steps
incorporate arbitrary (unjusti ed) choices. Doing ad-hoc things is
an integral part of science and experimentation, but once something
works, or seems to work, people tend to forget it was done ad-hoc.
So people will extrapolate the context in which it is supposed to
work, while disregarding the need for benchmarking or validation
because everyone else is doing it. This is akin to developing a “super-
stition” or a “myth”, and happens in science occasionally.

Software is hard to discover, deploy, and compare. There are so
many tools, often annoying to install and run, that nobody can fea-
sibly do an exhaustive search. People just use what their lab friends
are using.

Software is rarely benchmarked outside original study. = Bench-
marking is a lot of work, and there is no incentive for further validat-
ing the software after publication. Additionally, most benchmarks are
often only done in humans and mice because those are the most pop-
ular organisms, but people tend to assume that a method will work
on all other scRNA-seq data. For example, one aspect of mammals
is that they have large cells, while many other organisms such as C.
elegansave small cells.
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Some suggestions

I highlight these problems here because they are really pervasive -
anyone working with scRNA-seq bioinformatics will have encoun-
tered them - and they merit more attention and discussion. | don't
have a simple solution to prescribe, but | do have a few things | think
people should have in mind when developing bioinformatics soft-
ware.

Have independent code reviews. If developing code that will be
used by other people, or that will be part of a publication (and thus
potentially used by others), always ask a friend to do a code review.
The ideal scenario would be to have your friend developing the soft-
ware with you, so that if something is broken or hard to understand,
it will be brought to your attention.

Be scrupulous about your own work while it is still being devel-
oped. We tend to want to do everything as fast as possible, but good
work takes time. In reality it is always a compromise, but | think that
starting from a mindset that good work takes time is helpful.

Consider how your software is going to be maintained after pub-
lication. If the software being provided is just meant to reproduce
the publication this is less of an issue, but if you claim that other
people should be able to use your software, then it is imperative that
at least one person be responsible for maintaining the codebase af-
ter publication, and it is really important to discuss this with other
authors.

Consider extending existing software rather than developing
from scratch. Carefully assess what the landscape is, and whether
there is already a codebase or framework to which your software
work ow could be added. It is not always possible to do this, since
frequently there will not be a good match, but if it is possible it's a
win-win.

» More people will be looking at your code.

It will make your code better, since there will likely be certain
guidelines on how the contributed code should be structured.

It will make your software easier to nd and use, since there are
other people already installing and using the framework.

* It may reduce the burden of maintaining the code, and will help
keeping it up to date with other software dependencies make it
easy to install, since the other developers will likely already be
focusing and longer term support of the codebase.
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Overview of next chapters

This chapter provided an introduction explaining the essential con-
cepts of scRNA-seq. For the other chapters, each one describes a
separate project in a succinct manner, including links to the related
preprint, published paper, or code repositories at the start of each
chapter.

Chapter 2 describes the scVI generative model for sScRNA-seq data
and the scvi-tools framework, which forms the basis of many of my
computational projects.

Chapter 3 describes an open source3D printable syringe pump
system that was developed envisioning facilitating many kinds of
experiments, in particular droplet based scRNA-seq.

Chapter 4 describes a new way of fabricating hydrogel beads with
unique DNA barcodes that are used for scRNA-seq experiments.

Chapter 5 describes a database listing most published scRNA-seq
studies that | helped create, and provides a useful overview of the
state of the eld.

Chapter 6 describes the kallisto bus work ow, which is used for
pre-processing scRNA-seq data, going from FASTQ le to gene count
matrix in a very ef cient manner.

Chapter 7 describes a new way of using scVI to quantify the trade-
off in the quality of scRNA-seq of a given dataset when surveying
more cells or sequencing more reads per cell.

Chapter 8 describes tools developed for the WormBase users to
leverage scRNA-seq data onC. elegansand which can be deployed
with any other scRNA-seq dataset.

Chapter 9 describes a remarkably successful offshoot of the devel-
opment of these tools: a simple scVI based analysis and visualization
strategy for nding candidate marker genes using C. eleganscRNA-
seq data, which was experimentally validated by members of the
Sternberg lab.



2 Single cell variational inference

This chapter is related to the published study:

scvi-tools: a library for deep probabilistic analysis of single-cell
omics data

Adam Gayoso, Romain Lopez, Galen Xing, Pierre Boyeau, Katherine
Wu, Michael Jayasuriya, Edouard Melhman, Maxime Langevin, Yining Liu,
Jules Samaran, Gabriel Misrachi, Achille Nazaret, Oscar Clivio, Chenling
Xu, Tal Ashuach, Mohammad Lotfollahi, Valentine Svensson, Eduardo da
Veiga Beltrame, Carlos Talavera-Lopez, Lior Pachter, Fabian J. Theis, Aaron
Streets, Michael I. Jordan, Jeffrey Regier, and Nir Yosef.

bioRxiv 202104.28.441833

doi: 10.110Y¥ 202104.28.441833

Author contributions:  A.G., R.L, and G.X. contributed equally. A.G.
designed the scvi-tools application programming interface with input from
G.X.and R.L. G.X. and A.G. lead development of scvi-tools with input
from R.L. G.X. reimplemented scVI, totalVI, AutoZIl, and scANVI with
input from A.G. R.L. implemented Stereoscope with input from A.G. Data
analysis in this manuscript was led by A.G., R.L., and G.X with input from
N.Y. A.G, R.L, P.B, EM, M.L, Y.L, J.S, G.M, AN, O.C. worked on the
initial version of the codebase (scvi package), with input from M.1.J, J.R
and N.Y. R.L, E.M and C.X contributed the scCANVI model, with input
from J.R and N.Y. A.G implemented totalVI with input from A.S and N.Y.
T.A. implemented peakVI with input from A.G. A.G implemented scArches
with input from M.L, F.T and N.Y. V.S. made several contributions to the
codebase, including the LDVAE model. P.B. contributed the differential
expression programming interface. E.B and C.T.L provided tutorials on
differential expression and deconvolution of spatial transcriptomics, with
input from L.P. K.W implemented CellAssign in the codebase with input
from A.G.. M.J. made general code contributions and helped maintain scvi-
tools. N.Y. supervised all research. A.G, R.L, G.X, J.R and N.Y wrote the
manuscript.
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Bayesian generative models

At the same time that the current ood of scRNA-seq data started
being generated a few years ago, new machine learning methods
were being created that could be successfully applied to it. There is
a broad class of machine learning models, called generative mod-
els, where the modelling emphasis is put on being able to generate
data that looks like the input data utilizing the learned parameters.
Arguably every time someone calls something a “model” it should
capture something about the underlying dynamics, but generative
models make this more explicit. Most generative models rely on
Bayes rule for making inferences about the input data, so that they
can learn probability distributions that re ect what the data looks
like. The really cool thing about generative models is that because
you can just simulate new data, it becomes trivial to just compute
any statistic of interest in the simulated data.

The gist of Bayesian statistics is Bayes rule, which says that the
posterior - the probability of a model given the data - should be
proportional to likelihood - the probability of the data given the
model, how likely we are to observe a set of data - times the prior
- how likely the model is in the rst place, which is something we
arbitrarily come up with. We can write this as:

P(modejdatg p P(datgmode) P(mode)

It is necessary to work with normalized quantities so that they
behave as probability distributions, so the right side is divided by the
marginal likelihood, P(datd).

Using x for our data(also called evidence) and z for model(typ-
ically called an unobserved, or latent variable) we can describe the
posterior distribution p(zjx) as an integral to be solved:

“ pOi2p()
p(x)

This integral is very often mathematically intractable for all but
the simplest cases. A lot of the recent rise in popularity of Bayesian
methods is due to better and easier ways to calculate the posterior,
and this is often what many recent advances in machine learning
conceptually boils down to. That was the innovation introduced
by variational autoencoders, a way of numerically calculating the
posterior by instead optimizing a mathematical lower boundary of

P(zjx)

p(zjx) =
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Variational Autoencoders (VAES)

In practice, once a bayesian model is speci ed, the computational
challenge is how to calculate the posterior. A lot of recent advances in
machine learning and statistics often boil down to being better ways
to calculate the posterior. One such method is that of variational
autoencoders, (VAEs), introduced in 2014by Kingma and Welling 1.

VAEs quickly became a popular approach to modelling compli-
cated distributions 2. In a VAE an encoder neural network is trained
to learn a nonlinear function ¢ (zjx) that maps an input point into
low dimensional latent representation z. This encoding process is
constrained by having a generative model that can approximate the
true posterior p(xjz) with an approximate one with learned param-
eters g, denoted by py(xjz), and can take the latent parameters to
generate data that looks like the input data. The mathematical in-
sight that makes VAESs useful is that they do not attempt to optimize
(learn) the posterior distribution directly, and instead use optimize a
function that is a lower bound for the posterior, called evidence lower
bound (ELBO).

Soon VAEs were applied to single cell data, where the gene count
matrix is a sparse matrix of integer numbers representing counts
sampled in a process akin to drawing from an urn of balls (modelled
by a multinomial distribution). Modelling the data like this provides
a way to go from the discrete gene count matrix to a vector space R"
of n latent parameters.

One of the rst descriptions of using VAEs for scRNA-seq data
was scVI, rst described in 2017, and other implementations such as
ScVAE* soon followed. Implementations of traditional autoencoders
for scRNA-seq, such as DCA® were also described around the same
time.

Because the latent space is a vector space, linear algebra techniques
can be readily applied. Another important feature of VAESs is that
they allow for modeling the speci ¢ data generating process, and
in the case of sScCRNA-seq this enables taking into account relevant
features such as cell size, sequencing depth, and dropouts. Because
the generative model is devised for the physical process being mod-
elled, it may be extended to model other phenomena that may be
considered relevant, such as background RNA, or other experimen-
tal modalities, such as counting the number of proteins in each cell
together with RNA.

The low dimensional latent representation of the data is directly
amenable to classical and newer clustering and visualization tech-
nigues developed in machine learning. And having a generative
process allows us to perform bayesian inference to learn about any

1 Diederik P. Kingma and Max Welling.
Auto-Encoding Variational Bayes. May
2014 arXiv: 13126114
2VAEs which uses a method called
variational inference to calculate the
posterior for machine learning models
that have an architecture similar to that
of autoencoder models, hence the name.
Note that despite similarities, VAEs are
different in their underpinning math
than autoencoders. which have been
around since the 80s. For more details
on the math, see:

Carl Doersch. Tutorial on Varia-
tional Autoencoders. January 2021
arXiv: 160605908

3 Romain Lopez, Jeffrey Regier, Michael
Cole, Michael Jordan, and Nir Yosef.

A deep generative model for gene
expression pro les from single-cell

RNA sequencing. January 2018

arXiv: 170902082

4 Christopher H. Grgnbech, Maximil-
lian F. Vording, Pascal N. Timshel,
Capser K. Sgnderby, Tune H. Pers,
and Ole Winther. scVAE: Variational
auto-encoders for single-cell gene ex-
pression datas. page318295 May 2018
doi:10.110¥ 318295

5 Gokcen Eraslan, Lukas M. Simon,
Maria Mircea, Nikola S. Mueller, and
Fabian J. Theis. Single cell RNA-

seq denoising using a deep count
autoencoder. page 300681 April 2018
doi:10.110Y 300681
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guantities of interest, such as gene expression levels. Comparing two
cell groups amounts to simulating new cells from each group, and
comparing the statistics of interest.

scvi-tools

Currently the most well developed and broadly used variational
autoencoder model for single cell data is scVI, which is a model part
of the scvi-tools framework scvi-tools.org ©. The scvi-tools framework
provides many utility functions for sampling from the learned latent
space and performing bayesian hypothesis testing. Because the data
generation model can be modi ed to re ect our assumptions about
underlying processes, the scvi-tools framework can be extended to
model other aspects of scRNA-seq data.

Currently there are many models implemented in scvi-tools frame-
work: these include models tailored for performing cell type classi -
cation and label transfer across batches, modelling single cell protein
measurements, performing gene imputation in spatial data, using a
linear decoder to allow for interpretation of the learned latent space,
and modelling chromatin accessibility data.

Figure 2.1: A conceptual representation
of the blocks in a VAE for scRNA-seq.

6 Adam Gayoso, Romain Lopez, Galen
Xing, Pierre Boyeau, Katherine Wu,
Michael Jayasuriya, Edouard Melhman,
Maxime Langevin, Yining Liu, Jules
Samaran, Gabriel Misrachi, Achille
Nazaret, Oscar Clivio, Chenling Xu,
Tal Ashuach, Mohammad Lotfol-

lahi, Valentine Svensson, Eduardo

da Veiga Beltrame, Carlos Talavera-
Lépez, Lior Pachter, Fabian J. Theis,
Aaron Streets, Michael I. Jordan,
Jeffrey Regier, and Nir Yosef. scvi-
tools: a library for deep probabilistic
analysis of single-cell omics data.
page 202104.28.441833 April 2021
doi:10.110¥ 202104.28441833
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scVI model description

Other chapters of this thesis utilized the scVI model, and a brief
explanation of the scVI generative model is provided in this section.

scVl is based on a hierarchical Bayesian model that leverages vari-
ational inference parametrized by neural networks to approximate a
complex posterior distribution - the technique introduced by VAEs.
This use of VAEs leveraging the pytorch machine learning framework
makes it a very ef cient model to train even on large scRNA-seq
datasets.

Let the output of a sScCRNAseq experiment be a matrix of counts
with N rows (the number of cells) and G columns (the number of
genes), where each entryxng is an integer representing how many
transcripts of gene g where seen in cell n. scVI is a generative hier-
archical Bayesian model for scRNAseq data with conditional distri-
butions parametrized by neural networks for each gene . There are
technical variables to account for different batches (s,) and for library
size (I, which can be interpreted as cell size or sequencing depth).
Thus the number of networks being trained is 2 G K, where K is the
total the number of batches (datasets).

Conditional distribution p Xngj zn,In,Sn is a zero-in ated nega-
tive binomial distribution (ZINB) to model the kinetics of stochastic
gene expression with some entries replaced by zeros.

The neural networks fJ and fr? use dropout regularization and
batch nomalization to model gene expression while accounting for
library sizes and batch effects respectively. Each network typically
has 3 fully connected-layers, with 128256 nodes each. The activation
functions are ReLU, exponential, or linear. f, has a nal softmax
layer to represent normalized expected frequency of gene expression.
Weights for some layers are shared between f,, and fi,.

21
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Figure 2.2: The scVI graphical model
with annotations
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Table 2.1: The scVI model variables.

Variable Description
sh2f1.Kg Batch annotation index.
I =(13)?% 2R+ I" is a technical effect variable modelling cell size variance

in a batch dependent manner.

M2 Ry Technical effect variable modelling mean cell size in a batch
dependent manner.

In  LogNormal I, 17 Technical effect variable modelling library size. This can
be interpreted as capturing both cell size and sequencing
depth, the number of samples drawn from each cell.

zn N (0,1) Low-dimensional latent variable ( 10D default) random
vector for cell n.

fo Neural network that map the latent space to gene expres-
sion. Typically has 3 fully connected-layers, with 128256
nodes each. The activation functions are ReLU, exponential,
or linear.

fﬁ Neural network that decodes batch effects. Typically has 3
fully connected-layers, with 128256 nodes each. The activa-
tion functions are ReLU, exponential, or linear.

Og2 R+ A gene speci ¢ inverse dispersion parameter optimized

during variational inference.

Accounts for the stochasticity of gene g expressed in celln.

Wng Gamma fy (zn, %), 0g

Yng Poisson lnwng Underlying expression level for gene gin cell n.

Indicates whether a particular entry is a dropout due to

technical effects.
hng  Bernoulli  fJ(zn, sn)

Observed gene expression, corresponds to one entry in the
gene count matrix, the number of counts observed for gene

Yng if fing = O gincell n.

Xng = .
ng 0 otherwise.







3 Principles for open source bioinstrumentation

This chapter is related to the published study:

Principles of open source instrumentation applied to the posei-
don syringe pump system.

A. Sina Booeshaghi, Eduardo da Veiga Beltrame, Dylan Bannon, Jase
Gehring, and Lior Pachter.

Scienti ¢ Reports 9, 12385(2019.

doi: 10.1038s 41598019-488159

Project blog post: liorpachter.wordpress.com/tag/poseidon/

Project website: pachterlab.github.io/poseidon

Author contributions:  J.G. conceived of the project and developed the
initial design for the syringe pumps. A.S.B. designed the syringe pump sys-
tem and microscope, and implemented the poseidon software. E.V.B. helped
with the design of the poseidon system and oversaw hardware printing
and design. A.S.B. and E.V.B. tested the poseidon system. J.G., A.S.B. and
E.V.B. formulated the design principles. D.B. developed an initial version of
the software. A.S.B., E.V.B., J.G. and L.P. wrote the manuscript.
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The rise of open source scienti ¢ instrumentation

As the open source movement continues to advance and mature,
with free and open source software now being a staple of technology
development, the same principles and ideals started being applied to
hardware. The open source hardware movement 1 gained momen-
tum in recent years due in large part to:

» The development of an ecosystem of open source electronics
boards, driven largely by the Arduino Project and the Raspberry Pi
Foundation.

» The rapid evolution of desktop 3D printers, which was enabled
by the expiration of key patents and the RepRap academic project,
which kickstated developing the rst desktop 3D printers as open
source design<.

Among open source hardware designs, a growing number of them
are laboratory instrumentation 3. Examples include systems for mi-
croscopy?, uorescence imaging ®, and micro-dispensers®.

Open source hardware is particularly well suited for research, not
only because of lower cost, but especially because their open nature
enables the users to change and tweak the design to t their own
specialized needs. Another advantage of the open source ecosystem
is that by virtue of having a large set of designs, software, and com-
monly used off-the-shelf parts that are shared across many designs,
even when creating a new, instrument the user is rarely starting from
scratch.

For example, the development of desktop 3D printers on the
RepRap project borrowed heavily from standard software and hard-
ware CNC (Computer Numeric Control) tool, and today most desk-
top 3D printers share the same control language as CNC tools, G-
code. As the industry matured and the market kept growing, open
source designs, electronics boards, software, and parts for 3D printers
kept being published and improved. As a result, the market is now
ooded with cheap and interoperable open source hardware and
software that can be used to build generic gantry systems, not only
3D printers. This yields another cycle of innovation where these parts
are adapted for new instruments.

But to be adopted beyond the creators lab, open source instru-
ments must be easy to build, deploy, and utilize. In this project we
created the poseidon system of syringe pumps and used the lessons
we learned as an example to illustrate how a few design principles
can facilitate adoption of an open source bioinstrument and help
development of other projects.

1 For a nice overview, read the book:
Alicia Gibb, Steven Adabie, and

Ed Baa . Building open source hardware

DIY manufacturing for hackers and makers

Addison-Wesley, Upper Saddle River,

NJ, 2015 OCLC: 904585844

2 See the original RepRap paper, before
the editors got rid of the fantastic gure
13. It reads like prose, almost poetry:
https://reprap.org/mediawiki/ima
ges/d/da/Jones-et-al-paper.pdf
The less exciting published version is
available at

Rhys Jones, Patrick Haufe, Edward
Sells, Pejman Iravani, Vik Olliver, Chris
Palmer, and Adrian Bowyer. RepRap
— the replicating rapid prototyper.
Robotica29(1), January 2011 doi:
10.1017S 026357471000069

3 Joshua M. Pearce. Building Research
Equipment with Free, Open-Source
Hardware. Science337(6100:1303-1304
September2012 Publisher: American
Association for the Advancement of
Science; and Joshua M. Pearce. Cut
costs with open-source hardware.
Nature, 5057485, January 2014 doi:
10.1038 50561&l

4 Andre Maia Chagas, Lucia L. Prieto-
Godino, Aristides B. Arrenberg, and
Tom Baden. The 100lab: A 3D-
printable open-source platform for
uorescence microscopy, optogenet-
ics, and accurate temperature con-

trol during behaviour of zebra sh,
Drosophila, and Caenorhabditis ele-
gans. PLOS Biology 157), July 2017
doi: 10.137¥journal.pbio. 2002702
®lsaac Nufiez, Tamara Matute, Roberto
Herrera, Juan Keymer, Timothy
Marzullo, Timothy Rudge, and Fer-
nan Federici. Low cost and open
source multi- uorescence imaging
system for teaching and research in
biology and bioengineering. PLOS
ONE, 12(11), November 2017 doi:
10.137%¥journal.pone. 0187163

C. J. Forman, H. Tomes, B. Mbobo,
R. J. Burman, M. Jacobs, T. Baden, and
J. V. Raimondo. Openspritzer: an open
hardware pressure ejection system for
reliably delivering picolitre volumes.
Scienti ¢ Reports 7(1), May 2017. doi:
10.1038s 41598017-023012
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The poseidon system

In this project we developed the poseidon system, a 3D printable
system comprised of 3 syringe pumps and a microscope controller
station.

The poseidon system takes advantage of components used in3D
to assemble and control the pumps, allowing for the construction
of 3 pumps and the microscope controller station in less than an
hour for under $ 400 using off-the-shelf and 3D printed components.
Because the poseidon system is open source, it can be customized
and the software adapted to new use cases. That stands in contrast
to commercial pumps, which typically cost between $ 500to $3000a
piece, and cannot be easily adapted to new use cases.

In true open source fashion, it's design drew from previously
published designs for open source pumps by Wijnen 2014’ and a
scRNA-seq micro uidics station by Stephenson 201&.

All project les are available in the poseidon GitHub repository at
github.com/pachterlab/poseidon , and documentation is hosted on
the project website at pachterlab.github.io/poseidon/

In addition to documentation, the following materials are provided
to users:

» Computer Aided Design (CAD) les of the 3D printed compo-
nents.

» Controller software and a graphical user interface to control the
pumps.

e Arduino rmware to send and receive motor commands from the
controller.

« Bill of materials for sourcing and purchasing materials.
» Detailed assembly instructions of hardware components.

 Single click executable les for Mac, Windows, Linux, and Rasp-
berry Pi OS.

”Bas Wijnen, Emily J. Hunt, Gerald C.
Anzalone, and Joshua M. Pearce.
Open-Source Syringe Pump Library.
PLOS ONE, 9(9), September2014 doi:
10.137%Yjournal.pone. 0107216

8 William Stephenson, Laura T. Don-
lin, Andrew Butler, Cristina Rozo,
Bernadette Bracken, Ali Rashidfar-
rokhi, Susan M. Goodman, Lionel B.
Ivashkiv, Vivian P. Bykerk, Dana E.
Orange, Robert B. Darnell, Harold P.
Swerdlow, and Rahul Satija. Single-
cell RNA-seq of rheumatoid arthritis
synovial tissue using low-cost mi-

cro uidic instrumentation.  Nature
Communications9(1), February 2018
doi: 10.1038s 41467017-02659x
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