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Abstract
Single cell analysis is a booming research field in biology. Cells are the fundamental building
blocks of biological systems, and are therefore key to their understanding. For example it is
necessary to study how they communicate with each other; how they organize themselves
into larger structures like tissues, or the immune system. Understanding these processes
has interesting implications for the study of diseases like cancer or chronic inflammation
that can start from the dysregulation of single cells.
Due to their small size, single cells cannot be studied using traditional biological methods
that rely on the analysis of whole cell populations. Therefore new technologies are
necessary. Some of the most promising advances have been made in the field of single cell
mRNA sequencing. Through the application of microfluidic devices, it is now possible to
sequence the mRNA of thousands of single cells.
In comparison to that, the tools to analyse single cell protein content are still comparably
limited. Since proteins catalyse most biological reactions, it would be more desirable to
study biological systems on the protein level.
In this thesis we took advantage of a protein analysis technique called the Proximity Ligation
Assay (PLA) to develop new tools for single cell protein analysis. PLA relies on antibodies
conjugated to short DNA strands. If two antibodies bind their target protein simultaneously,
the short DNA molecules can be joined during a ligation step. This procedure allows to
convert the presence of a protein into a DNA signal, and makes it possible to take advantage
of highly developed DNA analysis methods like quantitative PCR, and Next Generation
Sequencing (NGS).
We developed a highly sensitive digital PLA assay that was able to reproducibly measure the
protein content of single mammalian cells. This assay was combined with state of the art
RT-PCR workflows to measure proteins, and mRNA from the same cell simultaneously. This
revealed a very low correlation between mRNA, and protein expression levels in single cells,
which stands in contrast to observations on the population level.
PLA also has another interesting property. Due to the double recognition of target
molecules it is possible to detect whether two proteins are in spatial proximity to each
other. Since most proteins perform their function in complexes, this is a potentially very rich
5

source of information. Therefore, we developed a PLA protocol that uses NGS to read out
protein signals (PLA-Seq); like this, we were able to simultaneously measure 11 proteins,
and their interactions. The new assay was tested using bulk samples, and was able to clearly
distinguish two cell lines from each other based on their PLA signals.
Since we designed PLA-Seq to be compatible with state of the art, high-throughput single
cell RNA-Seq workflows we expect that it will soon be feasible to integrate our PLA-Seq
assay in similar fashion, to allow high-throughput measurements of protein expression
levels and their interactions.
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Zusammenfassung
Einzelzellanalyse ist ein blühendes Forschungsfeld der Biologie. Zellen sind die
fundamentalen Bausteine eines jeden biologischen Systems und sind deswegen auch der
Schlüssel zu dessen Verständnis. Zum Beispiel lohnt es sich, zu untersuchen wie Zellen
miteinander kommunizieren und sich in grössere Strukturen wie verschiedene Gewebe oder
das Immunsystem organisieren. Das hat auch Auswirkungen auf die Erforschung von
Krankheiten wie Krebs, oder chronische Entzündungen, die oftmals auf die Deregulierung
einer einzelnen Zelle zurückgeführt werden können.
Wegen ihrer kleinen Grösse können einzelne Zellen nicht mit traditionellen biologischen
Methoden untersucht werden, die zur Untersuchung von ganzen Zellpopulationen gemacht
sind. Deswegen sind neue Verfahren notwendig. Ein paar der vielversprechendsten
Fortschritte wurden im Feld der Einzelzell-mRNA-Sequenzierung gemacht. Durch die
Anwendung von mikrofluidischen Geräten ist es heute möglich die mRNA tausender
einzelner Zellen zu sequenzieren.
Im Vergleich dazu, sind die Werkzeuge zur Analyse des Einzelzellproteingehalts
vergleichsweise limitiert. Da aber Proteine die meisten biologischen Reaktionen
katalysieren, wäre es viel wünschenswerter biologische Systeme mittels Proteinanalyse zu
untersuchen.
In dieser Dissertation haben wir den hochsensitiven Proximity-Ligation-Assay (PLA) genutzt
um neue Verfahren für die Analyse des Proteingehalts von einzelnen Zellen zu entwickeln.
PLA nutzt Antikörper die mit kurzen DNS Strängen verknüpft sind. Falls zwei solche
Antikörper gleichzeitig dasselbe Antigen binden, können ihre beiden DNS Stränge durch
einen Ligationsschritt verbunden werden. Dadurch wird die Anwesenheit eines Proteins in
ein DNS Signal umgewandelt und ermöglicht es hochentwickelte DNS-Analysemethoden wie
quantitative PCR oder Sequenzierung der nächsten Generation (NGS) zu nutzen.
Wir haben ein hochsensitives, digitales PLA-Verfahren entwickelt, das in der Lage ist den
Proteingehalt von einzelnen Säugetierzellen zu messen. Zudem haben wir dieses Verfahren
mit modernsten Reverse-Transkriptase-Polymerase-Kettenreaktion (RT-PCR) Verfahren
kombiniert um gleichzeitig Protein und mRNA Spiegel zu messen. Dies hat eine sehr tiefe
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Korrelation zwischen mRNA und Protein Gehalt gezeigt, die im Gegensatz zu Messungen auf
Populationsebene steht.
PLA hat noch andere interessante Eigenschaften. Da zwei Antikörper gleichzeitig in nächster
Umgebung binden müssen, um ein Signal zu erhalten, ist es möglich mittels PLA die Nähe
zweier Proteine zu messen. Da die meisten Proteine ihre Funktionen in Komplexen mit
anderen Proteinen ausführen, könnte die Nähe zweier Proteine sehr informativ sein.
Deswegen haben wir mit PLA-Seq ein zweites PLA Verfahren entwickelt, das NGS nutzt um
Protein-Signale auszulesen. So waren wir in der Lage gleichzeitig 11 Proteine und ihre
Interaktionen zu untersuchen. Das neue Verfahren wurde nur für die Analyse von grösseren
Mengen an Zellen verwendet, konnte aber zwei Zelllinien klar unterscheiden.
Da wir PLA-Seq so konzipiert haben, dass es mit modernen Einzelzell-Sequenziermethoden
kompatibel ist, erwarten wir, dass es schon bald möglich sein wird unsere PLA-Seq Methode
in ähnlicher Art und Weise anzuwenden um Proteinspiegel und Proteininteraktionen mit
hoher Durchsatzrate zu messen.
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Chapter 1: General Introduction
1.1 Quantitative Single Cell proteomics
1.1.1 Advantages of Single Cell Analysis
It has long been understood that cells are the fundamental building block of biological
systems1. Despite this, limitations in the sensitivity of molecular biological assays have
required the study of biological systems to be performed in bulk; such an approach is
assuming that either the population average faithfully reflects the contributions of all
pooled single cells (i.e their heterogeneity is small), or that only the signal of the whole
tissue matters (i.e. heterogeneity is a bug rather than a feature of biological systems).
Generally, single cell analysis is most necessary when noise, cell signaling, or small
subpopulations are studied2.
Since biological systems often contain very low numbers of molecules, they can be subject
to big random fluctuations in copy numbers (i.e. noise). The pattern of this noise can have
functional consequences3 and raises questions about how biological systems can function in
its presence. Since noisy fluctuations are averaged in population level analysis, they can only
be studied on the single cell level4. As a consequence of this noise, monoclonal cells can
respond differently to the same environmental stimuli, as can be seen in the case of induced
lac expression5, or the susceptibility of tumour cells to drugs inducing apoptosis6. The
multistability of the lac operon (Figure 1.1A) is especially interesting, because it was already
predicted theoretically in the 50s based on bulk growth curves; clear understanding of the
design principles behind this effect and their exploitation to fine tune the response of the
system was only possible using more accurate data produced by single cell analysis 7 (and
many years of research into the molecular wiring of the pathway). It has also been shown
that sometimes gene expression noise can be a stronger link to an observed phenotype than
the actual mean expression level8.
In similar fashion, single cell analysis only recently revealed that two very well studied
mammalian immune regulators p539, and NF-B10 integrate signals in a digital and not
analogue fashion. In both cases, individual cells respond to a stimulus only with a certain
probability that is depending on the strength of the signal. Like in the case of the lac-operon
this will lead to mixed populations of cells that are either responding or not. On the bulk
9

level, these subpopulations are hidden, and an observer just sees a continuously rising
signal that is correlating to the increasing fraction of responding cells (Figure 1.1B)9,11. Even,
though analogue and digital activation may lead to the same results (a rising tissue level
response to the signal) they rely on different building principles12; understanding which one
applies leads to more accurate mathematical models of the process and thereby improve
our capabilities to manipulate them. In the case of p53 and NF-B activation, bulk
measurements failed to notice this important distinction.

Figure 1.1 Analogue vs digital activation of cell signaling
(A) Response of a cell population to increasing dose of an applied stimulus (S 1-S5). Bulk measurements (red
bars) indicate that the strength of the response is scaling with the strength of the stimulus. Single cell
measurements reveal an increasing fraction of cells that are fully induced (blue) and a decreasing fraction of
non-responding cells (black).
(B) Response o analogue and digital systems to an increasing stimulus. In an analogue system, all cells respond
equally strong, with the response strength depending on the dose of the stimulus. In a digital systems cells are
either responding with maximal strength or not at all. The fraction of activating cells depends on the dose of
the stimulus

Single cell analysis is also paramount if the analysed cell population is expected to have a
high heterogeneity and if subpopulations cannot easily be enriched, due to similarity with
the matrix, or small cell numbers. In such cases the bulk signal is unlikely to faithfully reflect
the compositions of the subpopulations. This approach has been especially useful for the
analysis of the components of highly complex peripheral blood mononuclear cells
(PBMC)13,14, or cancer15,16; diagnostic applications exist where the presence, or absence of
certain subpopulations can be used to predict the likely clinical outcome of a treatment 17–19.
10

Another application is lineage tracing in developing systems, where single cell analysis can
find intermediate states, or recover gene expression changes through pseudo-temporal
ordering20–22 of the observed single cell phenotypes (Figure 1.2).

Figure 1.2: Inferring developmental trajectories from single cell data:
(A) Dimensionality reduced overview over single cell measurements of a hypothetical biological system
undergoing development (e.g. stem cell maturation, development of cancer etc.). Four clear cell populations
(P0 – P2) and various intermediate cells (purple) are detectable.
(B) Pseudo-temporal ordering of the single cell measurements in (A) can reveal dynamic changes in gene
expressions of three genes (A-C) between the distinct cell populations. A branching point can be inferred
somewhere after P1, after which the expression of genes A/B is different for the subpopulations P 2A (solid
line), and P2B (dashed line)

1.1.2 Importance of Protein Quantification
Thanks to the widespread use of fluorescent fusion proteins in molecular biology and the
natural integration of single cell analysis into microscopy and flow cytometry workflows,
protein analysis always played a huge role in single cell analysis. However, improvements in
reverse transcription polymerase chain reaction (RT-PCR) and next-generation sequencing
(NGS), shifted a lot of the focus from the analysis of proteins to mRNA, due to its superior
multiplexing capabilities23. Despite this domination of transcriptomic methods, analysis of
the proteome has some intriguing advantages over transcriptome analysis.
First, proteins are the main actors of most cellular functions. Therefore, they directly affect
the phenotype of a cell, in contrast to mRNAs that need to be translated first. This is why
mRNA levels are often used as a surrogate measure for protein levels, but the strength of
this correlation is heavily debated, especially on the single cell level24–28.
Second, information is often integrated using post-translational modifications of proteins29,
or their association with binding partners30. This means that if phosphorylation, or
11

ubiquitination states of proteins can be measured, it is possible to get a direct window into
signaling cascades31. This gives clues to what kind of signals a cell received, the timing of the
signal and also the potential response to the signal. In contrast to this, transcriptomics can
only detect the change of mRNA levels that usually stands at the end of a signaling event. A
good example of this is NF-kB signaling32. Observing only the mRNA levels it is possible to
conclude that NF-B has successfully been activated and triggered the expression of
response genes like IBα, or A20. Depending on the number of activated genes it is even
possible to derive information, about the strength, or duration of the stimulus10. However, it
will not easily be possible to understand if the signaling event was triggered by TNF- or
lipopolysaccharide (LPS) stimulation; since the two stimuli use different upstream signaling
cascades, proteomics level analysis could potentially achieve that.
This drawback can be problematic for lineage tracing applications. Changing mRNA levels
are a good way to identify all the intermediate steps and branching points in a developing
system, but fail to capture what kind of stimuli are causing the observed changes 33.
Fourth, mRNA levels are intrinsically noisy; this point has multiple reasons. Our current
understanding is that mRNA expression happens in burst4,34,35. This means that depending
on the burst rate and stability of an mRNA species, copy numbers can fluctuate heavily. This
effect is mitigated for proteins due to their generally higher stability36, which means that
their expression levels are averaged over a higher number of past expression events 37,
dampening random fluctuations. Furthermore, expression of an mRNA does not equal
translation. There are clues that the nuclear membrane can act as a noise filter for mRNA
expression levels, by keeping the bulk of newly expressed mRNA retained in the nucleus,
where they cannot be transcribed38–40. Even though the exact consequences of nuclear
export on transcript variation are not completely clear yet41, these findings suggest that the
nuclear and cytoplasmic transcriptomes might look quite different. This has been confirmed
experimentally at least for certain genes42; a fact that is not accounted for in most
transcriptomic workflows.
Another factor contributing to the higher noise levels of mRNA expression is that it has been
shown that mRNA expression levels correlate with their genomic location 43. Therefore,
genes can be transcribed ectopically simply because they are encoded in the neighbourhood
of highly expressed genes and can profit from accessible chromatin. Co-expression of genes
12

on the protein level is therefore more indicative of common function than co-expression of
mRNA levels44. Finally, the hypothesis that proteins are more accurate indicators of a cell’s
state is echoed in the recent findings that protein levels are a more accurate indicator of
successful CRISPR mediated gene knockout than mRNA levels45.

1.1.3 Proximity Ligation Assay
The Proximity Ligation Assay (PLA) is a method for protein detection that was first
demonstrated in 2002 by S. Fredriksson and colleagues46. It relies on a set of two orthogonal
proximity probes that consist of an affinity reagent like an aptamer or antibody that is
conjugated to a short DNA tag. The two probes of a set carry slightly different DNA strand,
one conjugated using its 5’-end (Probe A), the other its 3’-end (Probe B). Upon simultaneous
binding of the PLA probes on the same antigen molecule, the DNA strands come in close
spatial proximity. This allows them to be connected using a third DNA-oligo that is
complementary to the free ends of both probes. During a short ligation step, connector
bound probe pairs are joined permanently, which allows them to be PCR amplified (Figure
1.3A). Thus, the assay converts the presence of a protein into a DNA signal that can be read
out using the DNA quantification method of choice. Notably, PLA is not an endpoint
measurement; its signal generation depends entirely on the fact that DNA oligomers in
proximity to each other, are ligated faster than unbound probe that encounter binding
partners randomly. If ligation is not terminated in time, background ligation events will
overwhelm the specific signal.
There are several big advantages to the PLA approach. Similar to sandwich assays, signal
generation needs two binding events to happen. This reduces background compared to
direct staining methods like immuno-PCR, cytometry by time of flight (CyTOF), or
fluorescence staining. In a direct comparison between PLA and a classic sandwich assay, PLA
probes were more sensitive for 27 of the tested 35 antibodies, with an on average 40x
higher sensitivity47. This becomes more important when the number of simultaneously used
probes is scaled up48 and is one of the potential reasons that highly multiplexed assays tend
to have lower sensitivities than singleplex measurements49.
Another advantage is the reliance on DNA as an output signal. Using various PCR assays,
DNA can be amplified exponentially, which allows reliable quantification in the zeptomolar
concentration range50,51. In contrast to sandwich assays, PLA is in principle a homogeneous
13

assay and does therefore not require washing steps. This benefits assay sensitivity by
minimizing, analyte loss and dilution, but also keeps the assay steps simpler, which is
especially important for microfluidic applications.
Finally, PLA probes are able to bind two subunits of the same protein complex. This makes it
possible to track protein-protein-interactions (PPI)52 or post-translational modifications of a
protein (Figure 1.3B).

Figure 1.3 Mechanism of PLA
(A) PLA signals are generated if probe A and B simultaneously bind the same antigene; this brings their DNA
tags into close spatial proximity. During ligation the DNA tags hybridize to a connector strand which allows
them to be ligated. The concentration of the resulting PLA product can be measured using quantitative PCR.
(B) PLA can be used to measure protein concentration, if probes bind epitopes on the same protein. Probes
that are specific to different antigens can also detect protein-protein-interactions, or post translational
modifications. The reliance on DNA analysis methods to readout PLA signals allows for easy integration with
RNA-Seq workflows.

As an alternative to PCR based methods, rolling circle amplification (RCA) is a wide-spread
tool for PLA52, or immuno-staining readout53. RCA is an isothermal DNA amplification
method, specialized on the extension of circular templates, called padlock-probes, by Phi29,
a highly processive and strongly strand-displacing polymerase54. Once extension starts, the
polymerase will continuously replicate the template, producing strands as long as 70kbp55;
then, staining with fluorescent hybridization probes results in bright dots of diameters
around 0.8m56. This makes PLA-RCA a perfect tool for the in-situ analysis of single cells.
The main advantage of PLA-RCA over conventional staining methods, is its capability to
detect protein-protein interactions. Depending on the exact DNA architecture probes need
to be within 30nm of each other to produce a PLA signal, which is a larger distance than
required by Förster resonance energy transfer (FRET, <10nm) 57. Even though PLA might be
a bit less quantitative than FRET in detecting protein-protein interactions58, its ease of use,
and the possibility to quantify multiple protein-protein interactions simultaneously make it
14

still a valuable alternative59.
Accordingly, in-situ PLA has been found many applications ranging from the monitoring of
complex formation60, to the study of phosphorylation kinetics in signaling cascades29.
Notably, in-situ PLA has been the first PLA assay that was successfully integrated on a
microfluidic platform. Thereby increasing the number of analysed conditions tremendously,
while reducing reagent costs29–31. Recently in-situ PLA was also combined with image
cytometry and applied for the analysis of PPIs and post-translational modifications in rare
primary cell types61.
PCR based PLA was applied early on for the analysis of secreted cytokines62, or protein levels
in plasma63. In both cases the available amount of sample is often small, which is less
problematic for homogeneous assays that can work with smaller sample volumes than
heterogeneous assay. This led to the development of multiplexed PLA assays that can
analyse up to 24 proteins simultaneously64. Homogeneous PLA was used for other
applications, like the quantification of protein complexes formed in NF-B signaling from
bulk cell lysate59; or the identification of DNA-protein interactions in-vitro65.
The desire to further improve PLA’s tolerance for plasma samples led to the adoption of
heterogeneous PLA assays that require an additional capture antibodies, analogous to
Sandwich assays. This allows to wash problematic matrix components away, but sacrifices
one of the main advantages of the assay66–69. The same problem was addressed more
successfully by the Proximity Extension Assay (PEA)70; In contrast to PLA, the DNA barcodes
of PEA probes overlap each other, so that they can hybridize in proximity. The free 3’end of
probe A can then be extended by a DNA polymerase, generating a PCR amplifiable template.
As in PLA, assay conditions need to be carefully fine-tuned to make sure that only probes in
proximity are joined. Since ligases are more susceptible to inhibition by plasma components
than polymerases, this switch improved the tolerance of the assay for complex matrices.
The Swedish company OLINK soon commercialized PEA as a 96-plex assay for protein
analysis in plasma samples48. This degree of multiplexed protein detection can only be
matched by few technologies, like CyTOF, or mass spectrometry (MS) and requires
microfluidic qPCR to be read out efficiently. This makes it even more surprising that there
are only few studies where multiplex PLA/PEA are combined with NGS47
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1.1.4 Methods for Quantitative Single Cell Proteomics
Single cell proteomics faces some demanding challenges. On one side the detectable signal
is very small, on the order of hundreds to millions of molecules per cell. At the same time
the heterogeneity of the analysed cells is high, which requires a high sample throughput to
capture enough data to describe a system well. Furthermore, replicate measurements are
usually not possible, which means that multiplexed measurements need to be taken
simultaneously.
Over time several methods evolved that can cope with these challenges. They fall into three
broad categories:
•

Methods that rely on the detection of fluorescent fusion proteins, like microscopy, or flow
cytometry.

•

Methods that can directly identify proteins based on their mass charge ratio.

•

Methods that rely on affinity reagents like antibodies, or aptamers, that detect the target
protein out of a complex matrix and are combined with a labelling agent that can be
detected and quantified.

Of the three, MS still faces the biggest challenges for single cell protein quantification.
Although it is suitable for the analysis of single cell metabolite and peptide levels71,72, it
struggles with the quantification of proteins. Proteins need to be identified based on their
fragmentation products; this means that ions have to be enriched before identification and
severely limits the sensitivity and throughput of MS in single cell proteomics. As a result of
this MS was long limited only to fingerprinting of overall protein content 73, without clear
identification of specific proteins. Only lately first MS based single cell proteomics methods
were developed74,75, but came with the price of reducing the number of detected protein
species from several thousands in bulk samples to a few hundred in single cells. However,
the biggest challenge are the small number of cells that can be analysed (<200). These
challenges have so far prevented a widespread adaption of single cell mass spectrometry for
protein detection.
Since their first application in the 90s76 fluorescent fusion proteins have been on the
forefront of single cell proteomics. They rely on optical methods like flow cytometry and
microscopy that handle single cells intrinsically well and are well suited for highly specific,
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dynamic, spatially resolved and high-throughput analysis of protein levels. However, they
also suffer important drawbacks compared to methods relying on affinity reagents. The
generation of fusion proteins is expensive and time consuming especially in mammalian
systems and prevent the study of primary cells; the expression levels of fusion proteins do
not necessarily reflect their wild type counterparts, which might perturb the system;
although possible, it is difficult to calibrate the systems using external references 77; spectral
overlap severely limits the degree of multiplexing to 10 or fewer targets (much less in
praxis). Finally microscopes can be expensive and technically challenging to maintain.
Affinity based methods face entirely different challenges. Since antibodies can be raised
against almost any target, they are very modular and compatible with almost any biological
system. Additionally, a wide range of possible markers can be used to detect reagent
binding, allowing for a lot of flexibility in assay design. Furthermore, the availability of
recombinant protein standards makes it possible to calibrate the signal of Immunoassays
under certain circumstances. The main obstacle for immunoassays is that they require
successful antigen binding, which is problematic due to the low protein content of single
cells.
If absolute measurements are desired, immunoassays are the most suitable approach to
single cell proteomics. Even tough fluorescence intensities from in-situ measurements can
be calibrated it is difficult and not routinely done77. Another approach, single molecule
imaging is also capable of producing absolute numbers78,79; its dynamic range is usually
limited, because no individual fluorescence signals can be resolved above a certain
concentration of the target molecule. Therefore this approach is mostly not suitable for
protein analysis in mammalian systems35.
Microengraving or microfluidic integration are often used to overcome the sensitivity
problems of Immunoassays at the single cell level. Reducing the reaction volume into the
nanoliter range improves antibody binding and automated liquid handling reduces signal
losses during washing steps. This strategy was implemented in a variety of enzyme-linked
immunosorbent assay (ELISA) derived technologies like digital ELISA80; the single cell
barcode chip81; and a variety of similar designs82,83. They all work using the same principle.
Cellular proteins, or secretions are captured on antibody functionalized surfaces, or beads;
then, the signal is detected using conventional sandwich assays. Since the geometries of the
17

used devices are known, the produced signals can be calibrated using protein standards of
known concentration. The problem with this approach is the reliance on advanced
microfabrication techniques that are cumbersome to establish.
In contrast to this, PLA has comparable sensitivity to state of the art ELISA assays, without
requiring any washing steps. The feasibility of homogeneous PLA for single cell analysis was
demonstrated by Stahlberg and colleagues; by FACS sorting single cells into microtiter plates
containing small volumes of lysis buffer (<5µl), they were able to quantify single cell protein
content84. Furthermore, since PLA produces DNA signals, it was possible to simultaneously
quantify DNA and mRNA copy numbers from the same cell.

1.2 High Dimensional Multiomic Single Cell Analysis
1.2.1 Single cell RNA-Seq is dominating the field
Over the last twenty years both the RNA-Seq and MS have matured into methods that
revolutionized molecular biology. Both methods are able to conduct highly multiplexed
measurements, which makes them suitable for the analysis of biological systems in their
entirety85–87. This capability is necessary for a system wide analysis approach in biology that
stands in contrast to the study of single genes, or molecular pathways that molecular
biology traditionally was limited to. This is embodied in the field of Systems Biology that
studies how many individual parts are integrated into systems with complex functionality.
At the same time NGS and MS operate on completely different axes. MS is detecting
differences in mass/charge ratio of ions, which enables the analysis of a wide range of
molecules. This makes MS the method of choice for the analysis, of small molecules,
chemical elements and protein derived peptides that can be identified based on their
signature decay products. The ability to detect post translational modifications like
phosphorylation makes MS also well equipped for the analysis of the proteome; using the
right sample preparation methods even the study of protein complexes is possible 88.
In contrast, NGS can only be used to determine the base sequence of DNA and by the use of
reverse-transcription, RNA; a capability MS lacks. This may look limited compared to the
capabilities of MS, but DNA is much easier produced, amplified, manipulated and stored
than proteins; due to very standardized technology NGS is also very quickly adopted by new
users. In summary, both MS and NGS are very well suited for traditional biological studies
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where hundred thousands of cells are analysed, with both having their specific strengths
and weaknesses.
This changed with the recent growth of interest into single cell biology. Traditionally, single
cells have mostly been studied using optical methods using several varieties of microscopy,
or cytometry; taking advantage of developments in liquid handling and exploiting sensitivity
and low error rate of state of the art library preparation protocols89 it was soon possible for
quantitative PCR protocols to reach single cell sensitivity. In the wake of this the first single
cell RNA-Seq protocols were developed, first by picking cells individually90–92 from hand and
later by trapping them in microfluidic chambers93, or FACS sorting them into single well
plates89,94.
Subsequently, several high throughput single cell RNA-Seq protocols were developed. They
all rely on tagging individual cells with random, but unique barcode sequences. Usually
identical barcodes are conjugated to microscale beads that are subsequently matched to
individual cells during reverse transcription; cell/bead pairs need to be kept in isolation from
other pairs to prevent cross-contamination of the barcode sequences. This is often achieved
by emulsification into droplets95–97, or isolation in microwells98–100. Another interesting
approach is combinatorial labelling98,101–104 where cell populations are repeatedly
fractionated, tagged and recombined. This allows the generation of unique barcodes
without the need to ever isolate single cells individually. All together these approaches
triggered a rapid growth in the throughput of single cell sequencing that can be compared
to Moore’s Law105 and that now easily allows the generation of thousands of single cell
transcriptomes (Figure 1.4).

1.2.2 Proteomics Methods for high dimensional Single Cell Analysis
Most single cell proteomics methods outlined before, rely on Immunostaining in some way
or another, with fluorescence being the most commonly used output. Therefore, spectral
overlap usually severely limits the achievable degree of multiplexing. To solve this a few
general strategies have been employed:
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Figure 1.4 Development of the throughput of single cell RNA-Seq protocols
By taking advantages in liquid handling the throughput of scRNA-Seq protocols almost exponentially increased
over the last 10 years. Used methods for the isolation of single cells are: manual picking (pink); FACS-sorting
(light green); isolation in microfluidic chambers (blue); isolation in nanowells (purple); emulsification (gold);
combinatorial labelling (red). Lately, the performance of sequential FISH protocol has become comparable to
scRNA-Seq; therefore they are shown for comparison (dark green)105

Spatial barcoding; Methods that rely on capturing reagents, like ELISA can be multiplexed by
capturing individual proteins on specific, known locations. Since the specificity of the
primary antibody on each position is known, all spots can be analysed using secondary
antibodies carrying the same dye. This has very successfully been applied in some of the
microfluidic methods mentioned before like the single cell barcode chip that quantifies up
to 15 proteins83,106,107, or micro engraved ELISPOT assays that could quantify up to 42
secreted proteins from single cells107. An interesting derivation of spatial barcoding, is the
microfluidic single cell Western Blot chip, that achieves spatial barcoding by
electrophoretically separating proteins by mass and quantifying them using antibodies108
Another way to avoid spectral overlap, is to either strip or photo bleach the used affinity
reagents after data collection. The same cell can then be stained with a new set of probes,
carrying the same set of fluorophores without interference with the previous round of
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staining109,110. These methods all rely on a certain extent of automation, or microchip
fabrication; therefore, they are either hard to implement. However, this concept has very
successfully been applied for mRNA quantification using single molecule fluorescence in situ
hybridization (smFISH)111; the latest iteration of sequential smFISH112–114 protocols are able
to quantify up to 10,000 genes which puts them in a league with NGS115. Similar protocols
relying on in-situ PLA, or Immuno-PCR would be very promising.
Finally, a very successful strategy to circumvent spectral overlap is to use non-spectroscopic
tags. Mass cytometry uses antibodies labelled with rare elements to stain fixed single cells
and then uses mass spectrometry to determine the amount of target antigen in the single
cell116. This allows for a very high degree of multiplexing (up to 100 different probes) and
throughput comparable to flow cytometry13. Furthermore, metal tags can also be combined
with laser-ablation to produce a 2D or 3D image of the spatial organisation of a fixed tissue,
or sing cell117–119.
There are a host of methods that exploit the superior signal amplification capabilities of
PCR, by conjugating short DNA tags to affinity reagents. The two most common variant of
this approach are Immuno-PCR120 and PLA46/PEA70. By encoding the identity of the target
antigen into the sequence of the DNA tag, assays can be multiplexed to an almost unlimited
degree. Because of its very simple assay architecture, that mimics commonly used FACS
protocols, immuno-PCR was quickly integrated into droplet based sequencing workflows like
Drop-Seq. Abseq was the first method to demonstrate this principle and even though they
only quantified two proteins simultaneously, they managed to do so in >10,000 cells 121;
Subsequent technologies like CITE-Seq122, RAID123 and REAPseq124, not only continuously
increased the number of simultaneously detected probes up to 82, but also demonstrated
the feasibility of quantifying the full transcriptome simultaneously. Proximity based assay
still lack integration with droplet based technologies, but were some of the first methods to
show simultaneous detection of protein and mRNA signals from the same single
cell24,25,25,26,84; and remain the highest multiplexed commercially available proteomics
assay48.

1.2.3 The Growth in other Omics Methods
In parallel to the growth of mRNA-Seq performance, there are also big developments in
other technologies. There are methods that focus on the expression of only a subset of the
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whole transcriptome, like genes of interest15, small RNAS125, or transfected CRISPR singleguide RNAs45. Recently multiple methods able to analyse the single cell epigenome in highthroughput fashion have been developed. This includes single cell Chip-Seq126, measuring
DNA-methylation by bisulfite-sequencing127; the detection of DNase1 hypersensitivity
sites128; and the profiling of chromatin accessibility using assay for transposase accessible
chromatin sequencing (ATAC-seq)129–131.
The diploid nature of the mammalian genome makes single cell full genome sequencing still
challenging132, but improvements are being made133 and it is often possible to detect
variation in gene numbers, like they often occur in cancer cells134.
Together with the variety of newly developed single cell proteomics methods and progress
in single cell metabolomics72 we are approaching a state where most of the molecules in a
biological system can be quantified in single cells in a high throughput fashion.
A big remaining challenge is to combine as much of this information into single
measurements as possible. In conjunction, the available technologies could produce
potentially much more information than in isolation. The combination of multiple omics
methods faces the challenge that all methods need to be compatible with the same sample
preparation and barcoding pipeline135.
This puts NGS in the most favourable position for this task; the necessary infrastructure is
already well established and the reliance on DNA already allows for comparably easy
integration of transcriptomic with, genomic136,137, proteomic122–124, or epigenetic138 methods
(Figure 1.5). Single cell triple-omics sequencing has even been used to capture genetic,
transcriptomic139 and epigenetic measurements from cancer cells (scTrio-Seq)134,140. Finally,
expanded CRISPR-compatible cellular indexing of transcriptomes and epitopes by
sequencing (ECCITE-seq) simultaneously measured a total of five different sets of data, for
the analysis of CRISPR screens in human PBMCs45. Methods that can separately quantify the
nuclear and cytoplasmic transcriptome42,141; measure Chromatin Overall Omic-scale
Landscape Sequencing (COOL-Seq), jointly measured a total of five different epigenetic
markers like methylation status and chromatin openness from single developing mouse
embryos142.
Sequential staining and MS are other interesting candidates for multiomics integration and
have unique advantages, sequential staining methods record the spatial location of the
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target and MS is the state of the art method for metabolomics. However both these
methods cannot determine DNA sequences in an unbiased fashion (i.e they require
hybridisation probes against predetermined target sequences), which makes them clunky to
use with methods that produce DNA outputs. Sequential staining protocols and single cell
MS are also not widely adopted yet.

Figure 1.5 Potential of commonly used single cell technologies for multi-omics integration
The capability of next generation sequencing (NGS), flow cytometry, microscopy and mass spectrometry (MS)
to analyse different kind of information from single cells. The rough number of possible simultaneous
measurements by an existing method are shown. Existing implementations are shown in green. NGS has a
clear advantage over all other methods, due its easy quantification of nucleic acids (red rectangle). PLA-Seq
could potentially allow NGS to measure the spatial location, or interactome of analysed proteins (blue).23

Sequential staining would be a well suited platform for multimodal single cell analysis and
there are studies that compare mRNA expression levels with the spatial organisation of the
chromosome143. Combining FISH and in-situ PLA could also be used for joint mRNA-protein
analysis in the future.
There were some efforts to perform multimodal measurements in CyTOF. By implementing
a Proximity Ligating Assay for RNAs (PLAYR) combined with metal-tagged hybridization
probes it is possible to measure mRNA and protein levels simultaneously144,145. Using PLA
probes against targets that are abundant in certain organelles it was also possible to
measure the subcellular location of proteins, depending on their ligation partners146.
However, due to the limited number of available mass-tags, the total number of detectable
interactions remains small compared to DNA based methods.

1.2.4 PLA as an overlooked tool for Multiomics Single Cell Research
Despite the fact that PLA and 96-plex PEA have been demonstrated to be compatible with
single cell joint mRNA-protein detection, they have not been applied with NGS. This is a big
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oversight, because PLA has some clear advantages over the currently used immuno-PCR
methods. Most interesting is the capability to detect PPIs; implementing PLA with high
throughput NGS methods would potentially allow NGS based analysis of protein-protein
interactions; a capability that is usually restricted to optical methods like in-situ PLA and
FRET, or the MS based analysis of bulk samples147–149.
This means that a combined PLA-NGS workflow (PLA-Seq) would be able to capture data
about four different cellular states, mRNA levels, protein levels, PPI and post translation
modifications (Figure 1.3B). This is extremely interesting for the analysis of cell-signaling
that is often depending on the formation, or degradation of protein complexes (Figure 1.6).
Traditionally, the single cell level analysis of signaling pathways like NF-B was mostly
performed using fluorescent-fusion proteins, or in-situ staining. This means that only few
proteins or complexes can be tracked over time; the dynamics of missing interactions needs
to be measured independently, or inferred using mathematical models. In contrast to that
PLA-Seq would produce a more high-dimensional picture. Which would also allow to recover
the dynamics of the system when combined with state of the art trajectory inference
methods150,151 like Monocle20. The high dimensional output would also allow a more indepth look into the involved signaling cascades and allow more complex studies that
investigate how orthogonal signals are integrated by single pathways, or how pathways
crosstalk152.
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Figure 1.6 Illustration on how PLA-Seq could be used to study signaling pathways like NF-B in the future
Signaling cascades are often propagated by the formation or degradation of protein complexes (e.g p65:ib),
or phosphorylation of key molecules (e.g. phosphor-ib) and can lead to the expression of mRNAs (ib
mRNA) or proteins (A20). PLA-Seq offers the potential to track all of these changes in individual cells and could
therefore be well suited to investigate these dynamics with the help of mathematical modelling and pseudo
temporal ordering.

25

Chapter 2: Digital Quantification of Proteins and mRNA in Single
Mammalian Cells.
This is an author produce adaption of a peer reviewed manuscript that was published in Molecular Cell:
doi: 10.1016/j.molcel.2016.02.030
Cem Albayrak*, Christian A. Jordi*, Christoph Zechner, Jing Lin, Colette A. Bichsel, Mustafa Khammash, and
Savas Tay
*Co –first authors
Author Contributions: C.A., C.A.J., C.A.B., and S.T. designed the research. C.A., C.A.J., and J.L. performed the
experiments and analyzed the data. C.Z. and M.K. built the two-state stochastic model and conducted the
computational analysis. C.A., C.A.J., C.Z., M.K., and S.T. wrote the manuscript.

2.1 Summary
Absolute quantification of macromolecules in single cells is critical for understanding and
modeling biological systems that feature cellular heterogeneity. Here we show extremely
sensitive and absolute quantification of both proteins and mRNA in single mammalian cells
by a very practical workflow that combines proximity ligation assay (PLA) and digital PCR.
This digital PLA method has femtomolar sensitivity, which enables the quantification of very
small protein concentration changes over its entire 3-log dynamic range, a quality necessary
for accounting for single-cell heterogeneity. We counted both endogenous (CD147) and
exogenously expressed (GFP-p65) proteins from hundreds of single cells and determined the
correlation between CD147 mRNA and the protein it encodes. Using our data, a stochastic
two-state model of the central dogma was constructed and verified using joint
mRNA/protein distributions, allowing us to estimate transcription burst sizes and extrinsic
noise strength and calculate the transcription and translation rate constants in single
mammalian cells.

2.2 Introduction
Single-cell heterogeneity features in diverse biological phenomena such as the emergence
of antibiotic resistance153, differential response to vaccines154 and signaling inputs155,
presence of cancer stem cells156, variability in dynamics of immune signaling pathways10,and
virus infection157. Since proteins conduct the various actions that give rise to the observed
phenotypes, their accurate quantification from single cells is necessary to understand the
phenomena that arise from single-cell heterogeneity158,159 and to build accurate
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mathematical models of complex biological systems160. mRNA abundance is often a poor
surrogate for protein quantity, since the two values are not necessarily correlated, as shown
in prokaryotic cells79. In addition to determining presence and degree of correlation, joint
mRNA and protein quantification from single cells would also enable researchers to build
and accurately calibrate mathematical models of transcription and translation. If the mRNA
and protein content of each cell can be measured, an mRNA-protein correlation term could
be derived exactly for the heterogeneous population and used as an additional input to the
model. A practical and sensitive method for absolute joint mRNA and protein quantification
would thus be greatly desirable for quantitative systems biology, especially for mammalian
cells where the correlations between the two species has remained largely unexplored at
the single cell level due to technical difficulties resulting from counting individual molecules
at high abundances.

2.3 Design
Methods developed for protein quantification had limited application to single cells due to
significant shortcomings in sensitivity and practicality. PLA62,161 and its variant, the proximity
extension assay70, can detect proteins at low concentrations in dilute protein solutions.
These techniques, however, rely on qPCR readout that scales with exponential amplification
and thus becomes inaccurate for quantifying differences smaller than fold changes 162.
Microfluidic PLA29 and light-mediated cellular barcoding163 provide only relative protein
quantification from single cells. Single-cell mass cytometry (CyTOF) enables multiplexed
readout of protein and mRNA content but provides relative quantification as well 13,145. Yet
other methods such as the single-cell barcode chip and western blot chip either provide
relative quantification or require extensive genetic manipulation, sophisticated device
manufacture, and advanced microscopy79,81,106–108,164. Digital quantification based on
limiting dilution provides high sensitivity and the ability to quantify differences much smaller
than fold changes165. For example, digital ELISA80,166 achieved sub-femtomolar limit of
detection (LOD) for proteins like prostate-specific antigen in human sera. Furthermore, PLA
using rolling circle amplification reduced the LOD of the method compared to qPCR
readout167. Besides CyTOF, two of the reported methods were used for joint protein and
nucleic acid quantification from single cells, namely advanced fluorescence microscopy for
bacteria and PLA in combination with RT-qPCR for mammalian cells. Single-molecule
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resolution was attained with the former, but the method required substantial genetic
manipulation and is applicable only to dilute proteins in bacteria79, and the latter two only
provided relative quantification and had low sensitivity due to qPCR comprising the terminal
step in the workflow84.
Here we describe absolute and simultaneous quantification of both proteins and mRNAs
from single mammalian cells by combining PLA with digital PCR in a very practical, sensitive,
and robust protocol called digital PLA. We first use droplet digital PCR (ddPCR) to achieve
digital PLA and later combine it with two-step RT-ddPCR to generate a single workflow for
joint mRNA and protein quantification (Figure 2.1). The use of ddPCR rather than qPCR
enables absolute quantification of proteins independent of amplification efficiency, and
with much greater precision168 (Supplemental Figures S2.1A and S2.1B).

Figure 2.1. Digital PLA protocol for absolute protein and mRNA quantification from single cells. The single-cell
lysate is split into two, and the mRNA and protein from individual mammalian cells are quantified using twostep RT-PCR and digital PLA, respectively. In digital PLA, proximity probes bind the target protein; the
connector oligonucleotide hybridizes with the probes; a double-stranded DNA is formed following ligation; and
the proteins are digested by proteases. The remaining dsDNA (and the cDNA in RT-ddPCR workflow) is
distributed among 20,000 droplets at limiting dilution, each of which contains zero or one dsDNA molecule.
These molecules are amplified by PCR to be detected. Pictures on the right shows fluorescent droplets that
contain or lack DNA after ddPCR. CD147 structure was retrieved from RSCB PDB (PDB ID: 3B5H) 169.

We quantified three proteins using digital PLA; namely the endogenous transmembrane
proteins CD147 (also known as extracellular matrix metalloproteinase inducer [EMMPRIN])
and intercellular adhesion molecule-1 (ICAM-1), and exogenously expressed GFP.
Femtomolar LODs were achieved for all three proteins, and digital PLA has a linear dynamic
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range over two to three orders of magnitude. Digital PLA and digital PCR were then used to
quantify CD147 mRNA and protein copy numbers in the same single cell. CD147 mRNA and
protein data from single cells, and especially their co-variance, were subsequently used to
develop and evaluate different models of the central dogma. A two-state model of gene
expression is shown to fit well to our experimental data34,37,170. Using this model, we
calculated the transcription burst sizes, transcription and translation rate constants, and
extrinsic noise strength in single mammalian cells.
Our method for absolute mRNA-protein quantification from single cells can be readily
adapted by other researchers; since the entire assay reagents and equipment are
commercially available, complex microfluidic device fabrication is not needed, and no
genetic manipulation of the cells is required. A single researcher can quantify proteins from
100 samples (single cells or clinical samples) in a day. Absolute mRNA and protein
measurements from individual mammalian cells will enable scientists to better understand
cell-to-cell heterogeneity and evaluate and/or construct more accurate biological models of
the central dogma in various systems.

2.4 Results
2.4.1 Digital PLA Development
In order to quantify proteins from single cells, they are first isolated, lysed, and combined
with oligonucleotide-bound antibodies (proximity probes, Figure 2.1) and the connector
oligonucleotide. The antibodies bind to their epitopes, the oligonucleotides bound to the
antibodies come in close proximity, and the connector oligonucleotide hybridizes to them,
thereby forming a complex of target protein, proximity probes, and connector DNA. The
three-oligonucleotide complex becomes a double-stranded DNA (dsDNA) after ligation,
completing the conversion of the targeted protein to dsDNA as in standard PLA 62. After a
brief proteolysis step, the dsDNA is quantified by ddPCR171,172. Using a commercially
available microfluidic device, the PLA solution (which now only contains the dsDNA) is
emulsified to create ∼20,000 nanoliter-sized droplets under limiting dilution, each of which
contains either zero or one dsDNA molecule. Single dsDNA molecules in the droplets are
then amplified by PCR and counted by measuring the resultant fluorescence from hydrolysis
probes using the commercially available droplet reader. These absolute DNA counts are
then converted to absolute protein numbers using a calibration curve. The method shows
29

good reproducibility as confirmed by making triplicates of eight PLA samples—seven of
which did not show any significant variation other than fundamental digital PCR error
(Figure S2.1E).
We evaluated the digital PLA performance on pure protein standards. Dilution series of
human CD147, murine ICAM-1, and GFP spanning three to four orders of magnitude were
analyzed by digital PLA (note that GFP is used here as the target protein and not as a
fluorescent tag for protein detection). The calibration curves show that digital PLA has a
linear dynamic range across three orders of magnitude (Figure 2.2). Femtomolar LOD
(defined as signal at 3 SDs above background) was achieved for all three proteins, CD147
giving the lowest LOD at 86 proteins per μl of ddPCR solution (corresponding to 16.2 fM in
the sample solution) and the most sensitive calibration curve (i.e., 1/slope = 70 proteins per
count) (Table 2.1). Specificity of the CD147 and GFP probes was confirmed by analyzing
antigen-free lysate. No positive signal was generated when the human CD147 probes were
used to analyze mouse 3T3 bulk lysate (Figure S2.3A). Mouse cells transfected with a
plasmid expressing human CD147 recovered the PLA signal (Figure S2.3B). Background
signal from one-cell equivalent lysate of GFP-negative cells was comparable to that from
buffer (Figure S2.3C). In terms of absolute protein amounts (∼20,000 proteins per cell,
Table 1), the LOD of our method is comparable to those of other single-cell methods such as
the barcode and western blot chips81,108. A major advantage of digital PLA over analog (i.e.,
qPCR-based) methods is the ability to measure very small protein concentration differences
over its entire dynamic range.
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Figure 2.2. Dynamic range and sensitivity of digital PLA for protein quantification. Assay calibration curves are
plotted either together in logarithmic scale (A) or individually in linear scale (B-D). Digital PLA readout is given
in number of double-stranded DNA amplicons per µl, and subsequently converted to absolute protein
amounts using these calibration curves. Solid lines indicate linear regression for each of the 3 proteins: (B)
CD147, y = 0.0142x + 12.4, R2=0.9997; (C) GFP, y = 0.0094x + 10.6, R2=0.9982; and (D) ICAM-1, y = 0.00177x +
1.30, R2=0.9993. Insets in (B) and (C) given to clearly show subfemtomolar assay detection limits (Assay LOD,
blue dashed lines); exact LOD values are given in Table 1. Error bars show combined error from both Poisson
noise and technical error from replicates (n=15 or 29 for CD147, 3 or 6 for GFP, and 12 for ICAM-1). Additional
details concerning digital PLA development can be found in Figure S2.1.
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Assay LODa

Sensitivityb

(fM)

(proteins per DNA)

CD147

0.14

70

16.2

GFPd

0.18

95

20.1

ICAM-1

0.34

565

38.3

Protein

Sample LODc (fM)

Table 2.1. Digital PLA Specifications for Analyzed Proteins
a

Assay Limit of Detection (LOD), gives the detection limit in the assay conditions (mol protein per unit volume

of ddPCR solution). LOD is defined as the protein concentration at which the signal is 3 standard deviations
above background.
b

Sensitivity, equal to the inverse of the slope of the calibration curve, is an inverted metric: the lower the

number of proteins per counted DNA molecule, the higher the assay sensitivity.
c

Sample Limit of Detection, given in moles of protein per unit volume of the original sample. The 113-fold

dilution in the digital PLA workflow results in the difference between the sample and assay LODs.
d

LOD and sensitivity calculated using data from a single day (“Curve 1”, Figure S2.1F).

2.4.2 Direct and Digital Quantification of Protein Copy Numbers in Single Cells
GFP-p65 (a subunit of the NF-κB protein family) fusion proteins were quantified from single
mouse macrophages (RAW264.7) using digital PLA; individual macrophages were sorted by
FACS into wells containing 2 μl of standard lysis buffer (Figure S2.2B). GFP-p65 counts from
45 single cells lie in the linear range of the assay and show significant variation, ranging from
32,400 ± 2,500 to 188,000 ± 11,000 proteins (Figures 2.3C and S2.3D). This large
heterogeneity can only be observed on the single cell level and is masked in bulk
measurements (Figure 2.3D). Error due to Poisson noise was small (6%–8% CV); we could
thus determine single-cell protein content within several thousand molecules. In addition to
the exogenously expressed GFP-p65 proteins, we also quantified endogenous CD147
proteins from individual human embryonic kidney (HEK) cells, as described in the following
sections.
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Figure 2.3. Absolute CD147 and GFP-p65 protein quantification from single mammalian cells using digital PLA.
(A) CD147 values from 138 single human embryonic kidney (HEK293T) cells display great single-cell
heterogeneity. (B) CD147 measurements from 1, 2, 5, 10 and 100 HEK293T cells. Solid line indicates linear
regression (y = 125,000x, R2=0.785). (C) GFP-p65 measurements from 45 single mouse macrophages. (D) GFPp65 measurements from 1, 10 and 100 macrophages. Solid line indicates linear regression (y = 80,900x,
R2=0.980). Single-cell data included in (B) and (D) are the same as those plotted in (A) and (C), respectively.
Error bars show Poisson error from 11,679 to 16,882 droplets. Additional information regarding the performed
FACS sorts, and used controls and calibration curves can be found in figures S2.2 and S2.3.

2.4.3 Direct and Digital Quantification of mRNA Copy Numbers in Single Cells
We developed a robust protocol for counting mRNAs in single cells so that they can be
quantified simultaneously with proteins from the same single cell. Different combinations of
RT-PCR protocols, primers, hydrolysis probes, and PCR cycle numbers were tested for mRNA
quantification from bulk-extracted total RNA (see Experimental Procedures for detailed
description of assay optimization). The combination of a two-step protocol with Probe 2 and
40 amplification cycles yielded the highest number of CD147 mRNAs (101 ± 1) per cell
(Figures S2.4A and S2.4B) and easily distinguishable positive and negative ddPCR droplets
(Figure S2.4C). Other permutations either failed to produce sufficient cDNA or suffered from
high background fluorescence of empty ddPCR droplets (Figure S2.4D).

33

After a suitable PCR protocol for mRNA detection had been found, the remaining challenge
was to find a cell lysis strategy compatible with both digital PLA and RT-ddPCR. After
screening various conditions, particularly regarding the lysis buffer concentration (see
Supplemental Experimental Procedures), we found that 0.1X TM lysis buffer did not
interfere with droplet formation during ddPCR preparation (Figure S2.4E), could lyse up to
100 mammalian cells (Figure S2.4F), did not inhibit RT (Figures S2.4G and S2.4H), and was
compatible with PLA (Figure S2.5A). Digital PLA was even more sensitive in the new buffer
matrix (Figure S2.5B). Therefore, we successfully established a direct lysis protocol
compatible with RT-ddPCR. We verified the performance of our RT-ddPCR workflow using
T7-in-vitro transcribed CD147 mRNA and found that we recovered 88% of the theoretical
signal (Figure S2.5C). The discrepancy is possibly due to RT biases173. We corrected our
entire single cell RT-ddPCR reads by the observed difference and introduced a LOD for
mRNA quantification at 52.5 copies per cell (87aM).

2.4.4 Joint Protein and mRNA Measurements from Single Cells
CD147 proteins and mRNA were quantified from the same single cells using a joint two-step
RT-ddPCR and digital PLA workflow in the new buffer matrix. Individual HEK293T cells were
sorted into wells containing 3 μl of 0.1X TM buffer (Figure S2.2A). Single-cell lysates were
then split in a 1:2 ratio; 1 μl was taken out for mRNA quantification, while CD147 proteins
were quantified by digital PLA from the remaining 2 μl (Figures 2.3 and 2.4). In this
configuration, the LOD for CD147 proteins was 29,300 molecules per cell. Analyzing both
fractions of the sample with PLA revealed good agreement between the two half-lysates,
which indicates that no further error, besides the fundamental ddPCR error was introduced
(Figure S2.5D) in six out of nine cases. Of the 186 single cells sorted, 138 cells had
measurable CD147 protein content above the LOD. Single-cell CD147 counts varied 18-fold,
ranging from 35,900 ± 2,900 to 636,000 ± 36,000 proteins (Figures 2.3A). All single cell
measurements lay within the calibrated range of the assay, whereas the 100 cell
populations were slightly above (Figure S2.3E). The mean CD147 protein value (218,000
molecules per cell) from human cells we measured agrees well with estimates from single
mouse fibroblasts (258,978 molecules per cell)36. The range of CD147 amounts per cell
narrowed as the number of cells per well increased from 1 to 100. Protein counts from 100
cells show an average of 67,200 ± 1,000 to 229,000 ± 3,000 CD147s per cell (Figure 2.3B).
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Single-cell CD147 mRNA numbers ranged from 57 ± 18 to 2,651 ± 121 molecules per cell,
with a population mean of 188.2 and a SD of 90 (Figure 2.4A). These mean mRNA values are
comparable to 189 CD147 mRNAs per cell reported for single mouse fibroblasts36.
Additionally, 100 cells were sorted and measured, serving as estimates for bulk average.
100-cell averages ranged from 106 ± 2 to 215 ± 3 copies per cell, exhibiting a narrower range
on a per cell basis (Figure 2.4A). As a result, on average, approximately 1,000 proteins were
translated from each CD147 mRNA in HEK cells.

Figure 2.4. (A) CD147 quantification from single and 100 cells measured by digital PLA. Plotted copy numbers
were normalized by the number of sorted cells. The number of replicates is indicated above each boxplot.
Mean single-cell and population-averaged copy numbers show good agreement. (B) CD147 mRNA and protein
copy numbers from 131 single HEK293T cells. Error bars show Poisson error from >10,000 droplets.
Supplemental information concerning RT-ddPCR development and technical controls can be found in Figures
S2.4 and S2.5.
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2.4.5 Analysis of mRNA and Protein Correlation in Single Mammalian Cells
The unique ability to absolutely and sensitively quantify CD147 mRNA and protein content
of the same single cell allowed us to analyze the correlation of these molecules. Surprisingly,
our high-sensitivity measurements showed that CD147 mRNA and protein are poorly
correlated (Spearman R = 0.10, Figure 2.4B), which contrasts with previous bulk
observations that found a significantly higher degree of correlation (Pearson R = 0.41,
0.59)36,174, similar to single-cell measurements from bacteria (Pearson R = 0.01)79. We note
that the mRNA/protein correlation would (incorrectly) appear to be higher if a method with
insufficient sensitivity (i.e., qPCR/PLA) was used here, as most of the single-cell protein and
mRNA variability lie within a 2-fold difference around the mean. These findings highlight the
importance of high-resolution single-cell measurements compared to low-sensitivity or
population-averaged (bulk) analysis in understanding protein transcription and translation.

2.4.6 Single-Cell mRNA/Protein Distributions Indicate a Two-State Stochastic Process
for Protein Expression
Single-cell CD147 mRNA and protein copy numbers have very broad distributions and
cannot be fit with a Poisson probability density function (pdf, Figure 2.5), suggesting that
the intrinsic noise caused by random production and degradation of these macromolecules
(i.e., a one-step birth-death process) is not enough to explain their variance175. A gamma pdf
could be fit to the single-cell CD147 mRNA distributions (p > 0.05, Figure 2.5), indicating a
two-state stochastic process for gene expression34,37 (Figure 2.6A). In this model,
transcription occurs in random bursts of varying size and results in larger mRNA copy
number variances. The mRNA distribution can take the form of a gamma distribution if the
gene is mostly inactive and the RNA degradation during a burst is small35. In this case, the
rate and shape of the resulting gamma pdf is interpreted as the transcription burst rate and
the average burst size of the gene. For our cell population, we calculated an average burst
size of 40 ± 4 CD147 mRNAs, a gene activation rate of 3.78 ± 0.38 per day, and a mean copy
number of 188 ± 28 CD147 mRNAs per cell; the latter of which agrees well with the mean of
188.2 CD147 mRNAs obtained from our single-cell measurements.
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Figure 2.5. Histograms of single-cell CD147 mRNA (A) and protein (B) copy numbers. (A) Poisson (blue) and
gamma (red) probability density functions (pdf) were fit to single-cell CD147 mRNA data. The mRNA is binned
in groups of 40 copies per cell. p-value of the gamma fits, generated using a χ2-test is 0.65. Outliers indicated
by an asterisk (*) were not included in the fits. The mRNA distributions fit the gamma pdf well. (B) Gamma pdf
(red) fit to the CD147 protein data (binned in groups of 65,000 copies per cell). Measurements below the LOD
were omitted, p=0.24.

2.4.7 A Stochastic Model of Gene Expression Parameterized by Single Cell mRNA and
Protein Measurements
Measurement of single-cell mRNA and protein abundances allowed us to construct and
verify a stochastic model of CD17 gene expression in single-cells (Figure 2.6). We considered
a two-state model, with random promoter switching, transcription, and translation, as well
as extrinsic variability (Figure 2.6A; see Supplemental Experimental Procedures). Unlike
fitting a pdf of a presumed type, the stochastic two-state model is not based on any a priori
assumptions about the regime in which gene activation and RNA degradation take place.
However, exact inference of such models based on mRNA and protein distributions is
computationally intractable. We therefore employed a moment-based analysis in which the
single-cell abundances and their variability are summarized by only a few statistics such as
means and variances176. We derived equations for first- and second-order moments of
mRNA and protein (i.e., E[M(t)], E[P(t)], E[M(t)2] and E[P(t)2]), which were used as a basis
for subsequent analyses. The combined mRNA and protein readout allowed us to use the
correlation between mRNA and protein, E[M(t)P(t)], to verify the model. Since CD147 is
expressed constitutively, we assumed stationarity of the system and fitted the analytically
derived steady-state moments to the ones obtained experimentally. The model comprises
seven parameters in total, which cannot be uniquely determined solely from steady-state
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measurements of mRNA and protein. We thus introduced a suitable reparameterization of
the model in terms of an effective rate of transcription177, subsuming promoter switching
and transcription into a single parameter. Furthermore, we incorporated prior knowledge
based on the reported mRNA and protein half-lives (20.97 hr, 33.48 hr)36. Although the used
half-lives had been measured in a mouse cell line, we do not expect them to change
dramatically in human cells. This assumption is strengthened by the fact that the mean
CD147 protein and mRNA copy numbers we determined closely matched the values
reported by Schwanhäusser and colleagues. A Markov-chain Monte Carlo scheme was then
performed to infer the extrinsic variability and kinetic parameters from E[M(t)], E[P(t)],
E[M(t)2], and E[P(t)2] (Figure 2.6B; Table S2.1). We used those parameters to
computationally predict the mRNA-protein correlation E[M(t)P(t)] and checked its
consistency with its experimentally measured counterpart (which was not used to fit the
model parameters) to cross-validate our model. The data collected on different days were
analyzed separately. We found that for four out of five experiments, the model predictions
of mRNA-protein correlation agree very well with the experimental data (Figure 2.6C),
indicating that for the considered CD147 expression system the proposed two-state model
provides a suitable mathematical description.
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Figure 2.6. A stochastic model of CD147 expression in single cells. (A) Schematic of the model. The gene
stochastically switches between its inactive and active state, and mRNA can be transcribed only from the
latter. The model comprises six kinetic parameters and an additional parameter describing the amount of
extrinsic noise due to environment. (B) Model parameters inferred from CD147 single-cell measurements
shown in previous figures. The plot shows the inferred mean values for five independent repeats of the
inference algorithm, indicating little variability across individual runs. (C) Model validation. The inferred model
was used to predict the correlation between mRNA and protein, i.e., E[M(t)P(t)]. The obtained results were
compared against the experimentally measured correlation as revealed by our measurements. Markers
indicate predicted (triangles) and empirical (circles) correlations, and the whiskers indicate 5% and 95%
quantiles of the latter. In 4 out of 5 cases, the predictions agree well with the experimental data. Posterior
estimates of the fitted model parameters can be found in Supplemental Table S2.1.

2.5 Discussion
We achieved digital protein quantification by combining PLA with digital-PCR. Furthermore,
we were able to integrate RT-ddPCR into the same practical workflow, thus allowing us to
measure absolute and ultrasensitive protein and mRNA copy numbers from single cells. The
application of a modified digital PCR protocol to protein measurements resulted in high
sensitivity, since digital PCR is better suited to detect small concentration differences than
conventional qPCR. As a result, digital PLA enables the quantification of small changes in
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protein concentration (as few as 70 proteins/μl in the ddPCR solution and 8,000 proteins in
single-cells) over the entire dynamic range of the assay (Figure 2.2). This high sensitivity is
necessary for an accurate analysis and understanding of single-cell variability. The
femtomolar detection limit and high sensitivity of digital PLA allowed us to spare a fraction
of the single-cell lysate for mRNA quantification, where the mRNA molecules are counted
using a two-step reverse transcription and droplet digital PCR protocol.
In addition to high sensitivity, digital PLA is very practical, as it does not require any genetic
manipulation in the host cell or sophisticated microfluidic device manufacture, and all of the
required hardware and consumables are commercially available. The method can thus be
rapidly adapted by other laboratories and can be used to quantify macromolecules from
primary cells. It can be generalized to any protein, provided that specific antibodies are
available, and it can be used to quantify protein complexes. Indirect protein measurements
like mass spectrometry can be accurately calibrated with digital PLA measurements. In
addition to single-cell applications, digital PLA provides a sensitive method in detecting small
changes in the concentrations of clinically relevant proteins, which is critical for early
diagnosis of disease.
Digital PLA complements existing methods such as in situ PLA29,52. These methods, while
having single molecule sensitivity, require small copy numbers and even spatial distribution
of the fluorescent macromolecules so that each diffraction-limited spot can be attributed to
a single molecule79,178. In contrast, our method has a dynamic range across several orders of
magnitude, is suitable for any native mRNA and protein (provided that the abundance of
mRNA is >52 per cell and ≥∼104 copies per cell for proteins), and does not require
appending a bulky fluorescent protein to the target protein (which may alter the regulation
and abundance of the latter).
While mRNA and protein levels in bacteria are not well correlated79, population-averaged
(bulk) analyses estimated a higher degree of correlation in mammalian cells36,174. Our singlecell measurements, however, show that CD147 mRNA and protein copy numbers are
actually poorly correlated and that mRNA abundance serves as a poor surrogate for protein
abundance (Figure 2.4B). A possible explanation for this discrepancy from theoretical
studies is that noisy post-transcriptional mechanisms regulating the translation and
maturation of similar membrane-expressed proteins could destroy the correlation between
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mRNA and protein abundance in single cells179. Another possible reason is that fluctuations
are diminished when averaging mRNA and protein over multiple cells, resulting in higher
correlation among the two180.Whether the observed lack of correlation is a general feature
of mammalian gene expression, or if there are other genes where mRNA and protein levels
better correlate, needs to be further investigated.
Our single-cell measurements revealed practical “rule of thumb” values for transcription
and translation and allowed us to construct an accurate stochastic model for central dogma
in mammalian cells. We found that approximately 1,000 proteins are created from a single
mRNA molecule in a single mammalian cell. Cell-to-cell variability in protein abundance
ranges from 5- to 18-fold (for GFP-p65 and CD147, respectively), with a mean of
approximately 100,000 proteins per mammalian cell.
Finally, we used our single-molecule mRNA and protein dataset to parameterize a stochastic
two-state model of CD147 transcription and translation. Our unique dataset enabled us to
empirically determine the mRNA-protein correlation term E[M(t)P(t)] for individual
mammalian cells and validate its computationally derived counterpart. The agreement
between the two terms (Figure 2.6C) showed that the two-state model described well the
stochastic transcription and translation of CD147. The paired mRNA-protein data (i.e., the
correlation term) may also be used as an additional input (i.e., in addition to the means and
variances of the single-cell mRNA and protein values) for modeling the transcription and
translation of a given protein, or investigating fluctuations in dynamic systems in response
to a stimulus. Joint absolute mRNA-protein quantification can thus be used to accurately
model the central dogma for any gene on a single-cell level.

2.5.1 Limits
The LOD of the described assay currently prevents single cell quantification of very rare
protein species. Digital PLA sensitivity is limited by the affinity of the proximity probes and
the fact that proximity ligation is conducted in bulk. Furthermore, the target protein is
initially diluted by two orders of magnitude, with an additional greater dilution occurring
during cell sorting and lysis. The intracellular contents of a single mammalian cell (V ≈ 1–10
pl) are diluted 105-fold when the cell is lysed in a 3 μl solution. We hypothesize that digital
PLA sensitivity can be further increased by using antibodies with higher affinity and by
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conducting assay in smaller volumes. Currently, a single researcher can analyze up to 100
samples with digital PLA in a day using standard pipette-and-dish techniques, and this
number can be doubled if only protein or mRNA are quantified. While the use of such
practical techniques provide familiarity and wider use by the community, integration of
advanced microfluidic devices or pipetting robots would significantly increase the
throughput. Another limitation of the PLA assay is its specific requirements on the used
antibodies. Since two antibodies need to bind the antigen at the same time, and the exact
position of an antibodies epitope is often unknown, it can be necessary to screen several
antibody pairs until a working PLA probe set is found.

2.6 Experimental Procedures
2.6.1 Construction of Calibration Curves for Digital PLA
For GFP and ICAM-1, a dilution series of each protein in 1X PBS (pH 7.4) was prepared; pure
1X PBS was also included in the workflow to account for background signal in the absence of
protein. For CD147, the pure protein standard was diluted either in lysate dilution buffer
(LDB) or 0.1X TM buffer instead of PBS; the diluent buffer was also included to account for
background signal. 2 μl of each protein dilution was combined with 2 μl assay probe solution
containing both proximity probes (at 400 pM each, thereby giving a final probe
concentration of 200 pM) in 8-well PCR strips, and the mixture was incubated at 37°C for 1
hr. After proximity probe adsorption, the protein solutions were diluted 25-fold by adding
96 μl of ligation solution; the resultant solution was incubated at 37°C for 10 min. 2 μl of a
diluted protease solution was added, and the mixture was incubated at 37°C for 10 min to
terminate the ligation reaction; this step was followed by 15 min incubation at 95°C for
inactivation of the protease. The proximity probes, ligation, and diluted protease solutions
were prepared as per manufacturer’s instructions.
For the (ddPCR) step, 9 μl of the resultant PLA solutions (or 1 μl in the case of ICAM-1) was
combined with 10 μl of 2X ddPCR Supermix for Probes (Bio-Rad) and 1 μl of 20X Universal
PCR Assay (Life Technologies) solution. For ICAM-1 quantification, 8 μl of deionized sterile
water was added to bring the total volume to 20 μl. All of the solutions were mixed by
pipetting up and down multiple times. The resultant 20 μl ddPCR solutions were transferred
to DG8 cartridges, emulsified by the QX100 Droplet Generator (Bio-Rad), and the emulsions
were placed in a Veriti thermal cycler (Life Technologies) for PCR. The temperature schedule
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for PCR was: 1X, 95°C for 10 min; 40X, 94°C for 30 s followed by 60°C for 1 min; 1X, 98°C for
10 min; and the ramp speed was 2.5°C/s. After, the emulsions were analyzed using the
QX100 Droplet Reader and QuantaSoft software (Bio-Rad, v.1.3.2.0). Fluorescence from the
emulsion droplets was quantified in the Absolute Quantification setting, and the signal
threshold was manually set by applying to all wells the threshold value determined by
automatic analysis of one of the most concentrated samples (Figures S2.1A and S2.1B).
Once the threshold is set, QuantaSoft uses the following equation to convert the numbers
of positive and negative droplets (i.e., droplets with and without DNA) into concentration 172:
𝐶=

−1000
𝑃
ln (1 − )
𝑉𝑑
𝑅

where C denotes the DNA concentration in number of molecules per μl of ddPCR solution,
Vd denotes the mean droplet volume in nl, P denotes the number of droplets with DNA (i.e.,
positive droplets), and R denotes the number of total (i.e., positive and negative) droplets.
In the “merged” analysis setting, QuantaSoft gives both concentration and 95% confidence
limits for a series of technical replicates. The SD of the DNA concentration can be calculated
using this equation:
𝑆𝐷 =

𝐶𝐼𝑚𝑎𝑥 − 𝐶𝐼𝑚𝑖𝑛
2 ∗ 1.96

where SD denotes standard deviation of the DNA calculation and CImax and CImin denote the
upper and lower limits of the 95% confidence interval (given as “TotalConfMax” and
“TotalConfMin” in QuantaSoft), respectively.
It has recently been reported that the used version of QuantaSoft software is using a wrong
droplet volume (0.91 nl instead of 0.85 nl) to calculate concentrations181, introducing a 10%
error in the DNA concentration. By making calibration curves, however, we already correct
our measurements for such errors. Therefore, the reported protein concentrations are not
affected by the error in droplet volume. The same is true for the mRNA measurements,
where the measured recovery rate accounts for this error as well.
The assay LOD of 107 GFPs per μl ddPCR solution corresponds to 24,200 GFP-p65s per cell
due to the 113-fold dilution in the digital PLA workflow. Individual RAW macrophages were
sorted into and lysed in a 2 μl solution, which was then diluted 51-fold prior to ddPCR. 9 μl
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of the PLA solution was added to the ddPCR mixture, whose final volume was 20 μl. The
successive dilutions can be summarized as:
𝑇𝑜𝑡𝑎𝑙𝑃𝑟𝑜𝑡𝑒𝑖𝑛 1
9
×
×
= [𝐴𝑚𝑝𝑙𝑖𝑐𝑜𝑛]
2𝜇𝑙
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In the case of joint mRNA/protein detection where only 2 μl of the initial 3 μl are used for
PLA, an additional 1.5-fold dilution needs to be taken in account.
Different proximity probe concentrations were used in optimization experiments shown in
Figures S2.1C and S2.1D. In addition, after the probe adsorption step, the protein solutions
were diluted either 2- or 25-fold by adding 4 or 96 μl of ligation solution, respectively.
Component concentrations in the ligation solutions were adjusted accordingly to obtain the
standard ligase and buffer concentrations in the final mixture.

2.6.2 Protein Quantification from Mammalian Cells
2 μl cell lysate (instead of the diluted protein solution) was taken through the PLA workflow
as explained above. For CD147 protein quantification from HEK cells, 2 μl of cell lysate (3 μl
total) was processed in digital PLA, while the remaining 1 μl was used in CD147 mRNA
quantification. Error in absolute single-cell protein abundances was calculated by
multiplying the single-cell protein amount with the coefficient of variance (CV) of the
measured DNA concentration after digital PLA. A separate calibration curve was constructed
on the same day as single-cell CD147 abundances were quantified to account for (albeit
small) day-to-day variation in assay sensitivity and background (Figure S2.1G). A
representative example of a daily CD147 calibration curve, together with the measured
single cell data can be found in Figure S2.3E. The GFP-p65 values from individual cells were
calculated using a GFP calibration curve from a single day. GFP calibration curves were
highly variable on different days (Figure S2.1F), due to different aggregation levels in protein
standards182 (M. Shannon and D. Ruff, personal communication). CD147 was thus chosen as
the model protein for further method development.

2.6.3 CD147 mRNA Quantification from Human Cells
1 to 100 Tlr4-GFP HEK293T cells were sorted by FACS into 3 μl of 0.1X TM lysis buffer for
CD147 mRNA and protein quantification. 1 μl lysate was taken through the two-step RT-PCR
workflow, while the remaining 2 μl of cell lysate were used for protein quantification as
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explained above. Probe 2 end primers and hydrolysis probe (i.e., CD147 TaqMan Gene
Expression Assay, Cat. No. Hs00174305_m1) were used, and 40 cycles of amplification were
conducted during the ddPCR step (Figures S2.4A–S2.4C). Fluorescence from the emulsion
droplets was quantified using the QuantaSoft software; the obtained DNA concentrations
and SDs were converted to single-cell CD147 mRNA values, accounting for the mRNA
recovery rate determined using a synthetic CD147 mRNA standard (87.6%, see
Supplemental Experimental Procedures). When multiple cells were sorted into a single well,
the mRNA counts and the error were divided by the number of cells sorted to report the
values on a per cell basis.

2.6.4 Error Bars
Unless stated otherwise, data are presented as mean ± SD.
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Chapter 3: Development of PLA-Seq oligomer architecture, and
troubleshooting of NGS library preparation
This chapter was produced in collaboration with Luke Vistain, Hoang Van Phan, Fatih Abasyanik, Jing Lin, and
Simon Friedensohn
Contributions by others:
LV developed the DBCO based conjugation protocol and contributed equally in testing the second-generation
PLA probes
HVP helped with designing and testing the second generation PLA architecture
JL and FA helped with establishing EvaGreen based ddPCR assays
SF helped to design the first generation PLA architecture.

3.1 Abstract
In order to develop highly multiplexed proximity ligation assays (PLA), we tested multiple
strategies to produce suitable PLA probes. We tested two different cross linkers, sSMCC and
DBCO, and developed two different PLA oligomer architectures that were capable to
distinguish bulk cell lysate from buffer background. In the end the most efficient probes
were generated using a DBCO based coupling protocol, and a PLA architecture that was
designed for PLA integration into state of the art RNA-Seq workflows. Finally, we established
a reliable protocol to prepare NGS libraries from PLA products.

3.2 Introduction
PLA has become a routinely applied method for protein analysis. We recently presented
digital PLA, a singleplex PLA assay capable of highly sensitive single cell measurements
(Chapter 2). However, a lot of progress has been made in the development of highly
multiplexed single cell protein analysis methods. Mass cytometry by time of flight (CyTOF) is
routinely able to analyse up to almost a hundred proteins in thousands of single cells. The
protein extension assay (PEA) can analyse similar numbers of proteins from fewer cells, but
can measure RNA expression levels simultaneously. New droplet based barcoding methods
have even allowed the direct immunostaining of thousands of single cells with DNA-tagged
antibodies, resulting in the simultaneous measurement single cell proteome and
transcriptome.
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In the vein of this it would be interesting to combine PLA with NGS as a readout on the
single cell level (PLA-Seq). However, our digital PLA protocol solely relies on commercially
available kits; this simplified the establishment of the method, but limits the assay to use
biotinylated antibodies and prevents higher-degree multiplexing. In order to develop a
highly multiplexed PLA assay that can be used for high dimensional measurements, it is
necessary to alleviate this problem. This can be done by designing a custom PLA
architecture (i.e. the used PLA oligomers) that is suitable to use NGS as a readout; the
establishment of efficient antibody – DNA conjugation; and PLA protocols that work with
the custom probes.
We therefore adapted previously described PLA architectures to generate PLA probes that
can be read out using both digital PLA and NGS.
Some of the most widely used cross linkers to couple proteins and DNA are
heterobifunctional cross linkers like succinimidyl-4-(N-maleimidomethyl) cyclohexane-1carboxylate (sSMCC)183. sSMCC carries NHS-ester and maleimide groups that allow it to
conjugate a protein’s free amine groups to DNA oligomers carrying sulfhydryl groups (Figure
3.1A). sSMCC is cheaper than other protein – DNA conjugation methods like the AntibodyOligonucleotide All-in-One Conjugation Kit (Solulink), which is a prerequisite for large scale
application of the method. This is evident by the existence of bead based sSMCC protocols
that have the potential to be automated by pipetting robots184. Therefore, sSMCC has been
widely adopted for the labelling of antibodies with DNA oligomers66.
An alternative to heterobifunctional cross linkers is click-chemistry. Dibenzocyclooctyne
(DBCO) uses copper free click chemistry to conjugate amine groups to azide groups185. In
comparison to sSMCC, DBCO has some advantages. The azide functionalized oligomers do
not need to be activated with Dithiothreitol (DTT) and the cross linker itself is detectable
using absorbance measurements. This allows to determine the degree of labelling of an
antibody, after functionalization. DBCO activated antibodies can also be stored and
conjugated with DNA oligomers at a later timepoint.
We tested both sSMCC and DBCO based conjugation methods, in conjunction with two
different PLA architectures to produce PLA probes that are compatible with both NGS and
digital PLA.
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Figure 3.1. Used sSMCC coupling protocol and first generation PLA architecture
(A) The NHS ester bond of sSMCC binds to a primary amine on the antibody. After removal of excess cross
linker, the maleimide group reacts with the sulfhydryl group on the 5’ or 3’ end of the DNA oligomer
(B) First generation PLA architecture. Both probes contain, a 9bp spacer, a PCR primer binding site, a 12bp
UMI, a 8bp Antibody barcode region and the 8bp-10bp ligation site. Both probes can be bound by an
asymmetric connector oligo that hybridizes with 10bp on probe A and 8 on probe B. The connector also has
non-matching ends to prevent it from priming any PCR amplification. The 5’ end of probe B is phosphorylated.
Probes carry a sulfhydryl group at the 5’or 3’ end for sSMCC mediated conjugation.

3.3 Results
3.3.1 Design of first-generation PLA-Seq architecture
The first generation of our PLA oligomers was based on a previously published PLA
architecture66, but also contained the PCR1 primer binding sites that can be used for
molecular amplification fingerprinting (MAF)186. In detail, the full PLA amplicon consists of
two different single stranded DNA oligomers (Probes A&B). Each of them carries an 8bp long
Antibody barcode sequence (AB-ID), a 12bp long unique molecular identifier (UMI), a
connector binding site, a PCR1 primer binding site (PCR1 fwd/rev) and 9bp long spacers
(Figure 3.1B). To allow for efficient ligation by T4 ligase, the 5’ ends of Probe B were
phosphorylated. For efficient maleimide mediated coupling of the DNA oligomers to
antibodies, the probes carried sulfhydryl modifications at their 5’ respectively 3’ ends.
Antibody barcodes were designed to differ by at least three mutations from each other, to
allow for unambiguous identification of sequences carrying a single mutation due to PCR or
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sequencing errors187. The UMI was introduced to account for biases during NGS library
preparation188,189. To increase the dynamic range of the assay, connector size of varying
lengths were used. While this change has the potential to lead to slightly lower signals due
to decreased ligation efficiency, it has previously been shown that it can also lead to an
almost 50x higher signal to noise ratio190. Probe A had a 10bp long binding site, while the
corresponding site on Probe B was shortened to 8bp. 3bp long mismatches were added to
both ends of the connector oligo, to prevent it from priming unspecific PCR amplification69.
Finally, hydrolysis probes and PCR primers were designed against the ligated PLA product, to
allow troubleshooting of the assay using quantitative PCR methods.

3.3.2 Establishing a Conjugation Protocol
We used a previously described sSMCC based antibody to DNA coupling protocol to
generate PLA probes using our barcode architecture66. The prepared PLA probes were
analysed with SDS-PAGE. In contrast to unconjugated antibodies, PLA probes showed a clear
pattern of higher molecular weight bands caused by antibodies carrying one or more DNA
oligomers (Figure 3.2A). Digesting the conjugated probes with DNase I removed the higher
mass bands, confirming that the bands were indeed caused by conjugated DNA
(Supplemental Figure 3.1).
Another test for the efficiency of probe conjugation is the Forced Proximity Test (FPT);
During the FPT, both PLA barcodes are conjugated to the same antibody (Figure 3.2B). This
ensures that the two oligomers can be ligated efficiently independently of the binding of a
second PLA probe. Unspecific goat IgG produced a stronger signal when conjugated to both
PLA oligomers, than an antibody that was only mixed with the same amount of DNA without
the cross linker (Figure 3.2C). This indicates that there is a measurable proximity effect
caused by the conjugation of the oligomers to the antibody; however, the measured
increase in signal was only 2.5 fold which is less than what is recommended for commercial
probes (8x). After purifying the FPT and negative control using protein G coupled beads,
there still remained a strong signal from the FPT, while none for the negative control (Figure
3.2D). Together these experiments demonstrate that there is successful DNA-antibody
coupling and that the two oligomers can be ligated together.
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Figure 3.2. Establishing Antibody – DNA conjugation
(A) PLA Probes are visualized on an SDS-PAGE gel. A and B probes of four PLA probe pairs were tested (HDGF,
LAMP, Fas, MyD88). Unconjugated antibody (IgG); a forced proximity test (FPT); a negative control, that
received antibody and DNA, but no cross-linker (NEG) were added as controls.
(B) Working principle of the FPT. The antibody receives both PLA oligomers during conjugation. This results in
them being in close proximity with each other during the ligation step and leads to efficient PLA product
formation
(C) Digital PLA signal of a forced proximity conjugation reaction and the same reaction without cross linker
(D) Same as in (C), but the conjugation products were captured on Protein G coated magnetic beads and
washed 5x with PBS-T.

3.3.3 Testing first generation PLA-Seq architecture
The established coupling protocol was used to make PLA probes against various proteins,
which were tested using an adapted digital PLA protocol. Since purified protein standards
were not available for all antigens, we had to rely on bulk lysate for the testing of some
probes. Thereby, cells are counted and lysed in bulk, which results in lysate with a known
number of single Cell Equivalents191 (Ceq) per l; thus, a Ceq corresponds to the protein of
interest’s mean single cell expression level in the lysed population. Although this approach is
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suitable to gauge the functionality and rough sensitivity of a PLA probe, it does not allow for
direct comparison between probes against different target proteins, or between different
lysate stocks.
PLA probes were tested against serial diluted protein standards or bulk lysates. Using this
strategy we were able to generate working probes against human GAPDH and human
MyD88 (Figure 3.3A). However, the sensitivity of the probes was concerning. Even at the
high concentration of 50 Ceq/reaction, the probes only produced signals 3-fold higher than
background. With such a low sensitivity the probes were not suitable for single cell analysis.
Another problem we encountered was the Hook-Effect65 (Figure 3.3B). Calibration curves
using human CD147 protein standard revealed that the produced signal flattens very quickly
at protein concentrations above 30,000/µl. One of the potential reasons for this is, that
there is so much antigen present, that it becomes increasingly unlikely that two PLA probes
bind the same protein; a decrease in the produced PLA signal is the consequence. The Hook
effect limited the dynamic range of our probes severely and was never encountered using
the commercial system (Figure 2.2).
We also optimized the storage conditions of our PLA probes. Probes stored at 4 ̊C were
subject to quick fouling, which decreased their sensitivity over the duration of single week.
In contrast probes stored in 50% glycerol and at -20 ̊C retained their activity over the same
period of time (Supplemental Figure S3.3A).
In the end we managed to use the first generation PLA architecture to establish a new
digital PLA protocol based on the commercial version (Chapter 2) that did not rely on any of
the commercial components anymore. This included the formulation of a new Probe Binding
Buffer (PBB), titration of the ideal connector oligo concentration (Supplemental Figure
S3.3B) and adaption of the ligation protocol to use T4 ligase (see Methods of Chapter 3).
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Figure 3.3. Calibration Curve from First Generation PLA Probes
(A) Human GAPDH (red) and human MyD88 (blue) calibration curves using bulk HEK293T lysate of known
strength. Solid lines indicate linear regression for each probe: GAPDH: y = 0.764x + 23.7, R2 = 0.95;
MyD88: y = 0.494x + 15.6, R2 = 0.96.
(B) Human CD147 calibration curve using serial diluted protein standard. No linear regression was made, since
the curve suffers a strong Hook effect.
Error bars show Poisson error originating from ddPCR measurements.

3.3.4 PLAseq Architecture, Generation 2
The second generation PLA architecture was designed to account for multiple short comings
of the first generation design. First, the sSMCC mediated coupling was much more labour
intensive than DBCO based coupling; Second, the signal to noise ratio of the produced
probes was considerably lower than what we previously achieved with commercial PLA
probes. We suspected that this was partly due to the longer length of our DNA oligomers.
Last, the first generation of PLA probes was not compatible with novel methods used in
single cell mRNA sequencing like Drop-Seq, or 10xGenomics95,192. To account for these
drawbacks the following changes were integrated: First, the partial P7 Illumina adaptor was
removed from Probe B. It was replaced with a 20bp long poly-A sequence that allows easy
integration of PLA into high throughput single cell technologies like Dropseq that rely on
capturing mRNA molecules using their poly-A-tails. To decrease overall barcode length, the
UMI sequence on Probe B was omitted. Finally, the 3’/5’ sulfhydryl groups were changed to
azide groups to allow DNA-AB coupling using DBCO chemistry185. The AB-IDs and
architecture of probe A were largely kept the same. Overall the length of the ligated PLA
product was reduced from 164bp to 127bp (Figure 3.4).
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Figure 3.4. Second Generation PLA architecture and NGS library preparation protocol
(A) Second generation PLA architecture. Oligomer A contains a PCR primer binding site, 12bp UMI and an 8p
Antibody barcode region (AB-ID). Oligomer B only contains an AB barcode region and a 20bp poly-A tail. The
connector region stayed the same as in the first generation. In contrast the spacer regions were removed to
shorten amplicon length. The probe barcodes contained azide moieties on the 3 or 5’ends to allow conjugation
using DBCO.
(B) Library preparation protocol. PCR1: PLA product is amplified using a poly-dT primer carrying a partial P7
Illumina adaptor (IA) and the PCR1 forward primer carrying an inline barcode, spacer and another partial P5
Illumina adaptor. PCR2 completes the partial adaptors and produces a MiSeq compatible library.
(C) Working principle of staggering PCR1 primers. The old primers did not include a spacer bp and as a
consequence the whole PLA product is read in phase (top). In contrast the new PCR1 primers come in four
varieties including spacers of 0-3 bp. This leads to an increase in average sequence quality

3.3.5 BSA removal Kit + successful probes
In parallel to the introduction of the second generation PLA-Seq architecture we also tested
a new probe purification strategy. Commercially available kits exist that remove BSA from
antibodies by selectively precipitating the antibody while leaving carrier proteins in the
supernatant; subsequent re-suspension of the antibody pellet then yields pure antibody. We
hypothesized that this strategy might also separate unconjugated DNA oligomers from PLA
probes. This was tested by comparing the digital PLA performance of probes specific to
human CSTB that were purified or not. (Figure 3.5A). The purification step greatly reduced
the background signal in samples containing pure lysis buffer, or murine lysate only;
resulting in a much bigger signal to noise ration than for the unpurified probe. Purification
also enabled the application of the probe at much higher concentrations without increasing
the background signal to unfeasible levels (Figure 3.5B). This allows to greatly increase the
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digital PLA signal if greater amounts of probe can be spared.
Using the outlined purification strategy, the second generation PLA architecture and digital
PLA protocol, we were able to find several probes that could efficiently distinguish HEK293T
signals from buffer background (Supplemental Figure S3.2A-B). This effect was also
conserved across multiple tested probe concentrations.

Figure 3.5. Purified second generation PLA probes
(A) Non-purified (blue) and purified (red) CSTB Probe pairs were used to analyse pure lysis buffer, 3T3 lysate
and HEK293T lysate.
(B) Serial dilution of cleaned CSTB probes. The diluted probes were used to analyse pure lysis buffer (red), or
HEK293T lysate with a concentration of 100 Ceq / reaction (blue).
All error bars represent Poisson error originating from digital PCR readout.

3.3.6 Problems with EvaGreen based ddPCR assays
The screening of large number of probes proved to be difficult using ddPCR. The short
length of the antibody barcodes makes the design of barcode specific reverse primers
difficult. This means that there is a constant cross talk between primers against similar PLA
products (Supplemental Figure S3.4). This prevented simultaneous measurements by
multiple PLA probes from the same reaction. In the light of this we decided to switch to NGS
based readout of our PLA signals.

3.3.7 Troubleshooting NGS library preparation
We developed a two-step PCR protocol that converted PLA products into NGS libraries
compatible with Illumina MiSeq (Figure 3.4B). For this, two main obstacles had to be
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overcome.
First, the PLA product has very low diversity. All products have the same base sequence
except for the UMI and antibody barcode regions. This greatly affects the quality of the
sequencing reads especially if the concentration of the product in the pool is high
(Supplemental Figure 3.5). To overcome this, we designed a series of staggering indexing
primers that introduce 1bp frameshifts after the start of the read (Figure 3.4C). This ensures
that PLA products are read out of phase and greatly introduced the quality of our
sequencing data. Before the introduction of the staggering primers 20% of reads did not
pass an arbitrary mean quality threshold (phred >27) and the mean quality of accepted
reads was 29.58. The new PCR1 primers reduced the number of discarded reads to <3% and
increased the average read quality to a phred score of 35.28.
Second, we found that some of our libraries contained a big fraction of PCR artefacts that
miss five bases in the connector regions of the read. The most likely reason for this is
unspecific priming of oligomer A on oligomer B, resulting in a PLA like product. These
artefacts are independent of ligation and are therefore false positives that can easily to be
removed during bioinformatics analysis. They are getting problematic when they make up
the bulk of the library and limit the number of correct PLA product. Since some of our
libraries contained up to 95% of the PCR artefact we decided to address the problem during
library preparation.
Since the false positive and correct PCR products only differ by 5bp they cannot be
distinguished using gel electrophoresis, or Bioanlyzer. We therefore, used Sanger
sequencing to look for traces of the two products in the resulting chromatograms. The
presence or absence of artefact could easily be determined by the distance between two
visible stretches of Adenines (Figure 3.6). This readout confirmed the presence of large
fractions of artefact in library protocols relying on Phusion or KAPA Hifi polymerases (Figure
3.6A-B). We found that the formation of artefact can be minimized using KAPA Hifi at a
higher DMSO concentration (3%), or by the use of a blocking oligomer that binds and
inactivates the free 3’-end of the probe A oligomer (Figure 3.6C-D) . By using the increased
DMSO protocol and reducing the amount of PCR1 template, we were able to consistently
decrease the fraction of false positive PLA product to below 10% in our NGs libraries.

55

Figure 3.6. Sanger sequencing chromatograms of PCR1 products
Black bar indicates the position of the triple adenine sequence at the 5’ end of the connector region. in specific
products (blue), the second triple adenine sequence lies 18bp downstream the first one; on the other hand,
the difference is only 13bp in unspecific products (red)
(A-B): Unmodified library generation protocols are mainly made up of unspecific product (As in red band)
(C-D): KAPA Hifi protocols with increasing DMSO concentration, or added blocking oligo mainly contain the
expected PLA product

3.4 Discussion
We developed two custom PLA architectures and adapted our previous digital PLA protocol
to work independently of commercial kits. Functionality of the custom PLA probes was
demonstrated by their capability to distinguish bulk lysate from pure lysis buffer. Finally a
protocol to produce NGS libraries from PLA products was demonstrated. Using NGS instead
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of ddPCR for PLA read out, will allow us to simultaneously conduct highly multiplexed
measurements.
Compared to the previously used commercial probes, the first generation PLA architecture
we implemented had a number of drawbacks that limited its applicability. The best achieved
CD147 calibration curves only converted 1 in ~450 proteins into a PLA product
(Supplemental Figure S3.3), which is more than six times worse than the commercial probe
(Table 2.1). We suspect that the long oligomer lengths reduced the achievable proximity
effect, which adversely affected the signal to noise ratio and dynamic range of the assay.
Furthermore, DBCO based conjugation has some advantages compared to sSMCC. It
requires less harsh chemicals, activated probes can be stored and the number of cross linker
molecules on an antibody can be determined using absorbance measurements185. Most of
these drawbacks were addressed by the second generation PLA architecture that used
DBCO for coupling, shortened the overall oligomer length and allowed for easy integration
into RNA-Seq workflows via a poly-A tail. These changes, together with an improved probe
purification protocol, led to probes with a higher signal to noise ratio compared to the first
probe design.
The presence of a poly-A tail introduces challenges for the design of efficient PCR
amplification primers; this makes the second generation PLA architecture difficult to use
with qPCR, or ddPCR. The need for EvaGreen based detection further complicates this; the
short amplicon length limits the maximum amount of dye they can bind, and therefore
reduces the fluorescence signal of positive droplets; EvaGreen can also weakly stain single
stranded DNA which means that un-ligated PLA probes affect the fluorescence intensity of
negative droplets. Together these two factors make it difficult to achieve clear separation of
positive, and negative droplets, which adds a lot of uncertainty into ddPCR based
quantification. For applications where PLA is analysed using qPCR or ddPCR, it is therefore
recommended to replace the poly-A tail with a primer sequence of choice to allow for more
efficient analysis.
The encountered problems during NGS library generation could be solved permanently. The
staggered index primers improved the quality to a good level. The formation of PCR
artefacts can be supressed sufficiently by a slightly higher DMSO concentration; the same
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could be achieved by using a short blocking oligo; however, raising the DMSO concentration
is simpler, and therefore preferable to the introduction of another oligomer during PCR.
The usefulness of DNA assisted proteomics has recently been demonstrated by droplet
based immune-PCR protocols45,122,124. The presented PLA architecture, and library
generation protocol have the necessary features to open up similar applications for PLA as
well.

3.5 Methods
The protocols concerning NGS based sample preparation, and DBCO probe conjugation can
be found in the methods section of Chapter 4.

3.5.1 Homogeneous sSMCC coupling Protocol
2 mg of sSMCC (No-Weigh Format, Thermo Fisher Scientific) were resuspended in 200 µl
of ddH20, and diluted to a concentration of 4 mM using PBS. Lyophilized antibodies were
resuspended in PBS at a concentration of 1 g/L. 10 µg of antibody where mixed with
1.5 µl of diluted sSMCC stock, and incubated 1 h at r.t., followed by another 1 h incubation
on ice. The activated Antibodies were purified using Zepa Spin Desalting Columns (7K,
MWCO, 75 µl, Thermo Fisher Scientific), and eluted into PBS.
In parallel, 400 pmole of 100 M PLA barcodes A and B were diluted to 6 µl in PBS. Then,
1 M of fresh DTT solution was diluted to 0.1 M using PBS containing 5 mM EDTA. 6 µl of the
resulting DTT solution were incubated with the 6 µl oligomer solutions for 60 min at 37 ̊C.
Afterwards, the reactions were buffer exchanged to twice using Zepa Spin Desalting
Columns (7K, MWCO, 75 µl) into PBS. DNA concentration of the eluates was determined
using absorbance measurements (NanoDrop 2000c, Thermo Fisher Scientific). Activated
DNA oligomers were mixed with activated antibodies at a 4x molar excess, and incubated
overnight at 4 ̊C. Finally, probes were diluted 1:1 with glycerol for storage at -20 C
̊ .
The sequences of the used PLA-oligomers can be found in Supplemental Tables S3.1-2. The
tested antibodies can be found in Supplemental Table S3.4.

3.5.2 Homogeneous PLA protocol for self-made probes
PLA probe stocks were diluted to a concentration of 500 pM each using Probe Binding
Buffer (PBB, 1 g/l BSA, 0.05% Tween 20, 15 g/l goat IgG, 0.1 g/l sonicated salmon sperm
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DNA diluted in PBS). Subsequently 2l of diluted probe solution were mixed with 2 l of cell
lysate, or pure lysis buffer. The solution was then incubated 1h at 37 ̊C to allow for PLA
probe binding. Subsequently, the PLA reaction was diluted to 100 l with ligation solution
containing an end concentration of 3.2 units/ml T4 DNA ligase (New England Biolabs), 1x T4
Ligation Buffer (New England Biolabs), and 5 nM of the connector oligomer. The resulting
solution was incubated 10 min at 37 C
̊ , followed by a 5min ligase inactivation step at 95 ̊C.
1 l of 100x diluted protease (TaqMan™ Protein Assays Core Reagents Base Kit, Thermo
Fisher Scientific) were immediately added to the reaction, and followed by incubation steps
for 10 min at 37 ̊C, and 5 min at 95 ̊C.
The produced PLA products were analysed using ddPCR on a QX200 or QX100 (Biorad).
Depending on the used instrument, and PLA architecture hydrolysis probes or EvaGreen
based PCR assays were employed. In the case of hydrolysis probes, 9 l of sample were
mixed with 10 µl 2X ddPCR Supermix for Probes (Biorad), and amplification primers at a final
concentration of 900 nM, and the hydrolysis probe at a final concentration of 250 nM.
EvaGreen assays were run using 9 µl of sample, 10 µl 2X QX200™ ddPCR™ EvaGreen
Supermix (Biorad), and amplification primers at a final concentration of 250 nM. Droplet
emulsions were made per manufacturer’s instructions. The used thermal cycling protocol
was: 1X, 95 ̊C for 10 min; 40X, 94 ̊C for 30 s, and 60 ̊C for 1 min; 1X, 98 ̊C for 10 min; followed
by an infinite hold at 4 ̊C. ddPCR results were analysed using QuantaSoft (v1.7.4, Biorad).
The sequences of the used ddPCR assay, and the connector oligomer can be found in
Supplemental Table S3.3

3.5.3 Protein G mediated capture of FPTs
Purification was done using the Dynabeads Protein G kit (Thermo Fisher Scientific). 3 g of
FPT, or negative control were diluted to 200 l with PBS, and incubated 15 min with 10 l of
washed Protein G coated Dynabeads at r.t. Subsequently, the beads were washed 5X with
200 l of AB/AG binding buffer. The beads where then resuspended in 50 l of PBS. 10 µl of
the suspension were diluted 5X with deionized water, and subjected to PLA.

3.5.4 Sanger sequencing
PLA products were size selected using a 2% agarose gel. The bands at 200bp was cut from
the gel, and purified using the Zymoclean Gel DNA Recovery Kit (Zymo Research). The
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library concentration was measured by Nanodrop, and 50 g were submitted for overnight
Sanger sequencing (Microsynth, Switzerland) together with 2 M PCR1 forward primer.
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Chapter 4: Profiling of Immune Cell membrane protein interactions
using NGS coupled PLA
This chapter was produced in collaboration with Luke Vistain*, Hoang Van Phan, Jing Lin, Savas Tay and
Sai T Reddy
* Co-First Author
This chapter is an author-produced version of a manuscript in preparation.
Contributions: C.A.J, L.V., H.V.P., S.T.R., S.T. planned experiments. L.V., and H.V.P. performed all PLA related
experiments. C.J produced the NGS libraries and did the analysis. C.A.J, L.V., H.V.P. and J.L. contributed to PLA
development. C.A.J, L.V., H.V.P., S.T.R, S.T wrote the manuscript

4.1 Abstract
We coupled a highly multiplexed proximity ligation assay with next generation sequencing
based readout (PLA-Seq) for the high dimensional quantification of membrane proteins in
Jurkat T-cell, and a H1299 lung cancer cell lines. The two cell lines were clearly
distinguishable by their CD3, and CD28 expression levels. Furthermore, we were able to
explain most of the PLA signals in H1299 cells using a model of the observed background
ligation rates; we also found some indications that PLA-Seq is able to quantify ProteinProtein-Interactions (PPI).

4.2 Introduction
Currently, the technical capabilities of single cell RNA-Seq techniques are improving at a
unprecedented rate; ten-thousands of individual cells can now routinely be analysed in
single experiments105. At the same time, it becomes increasingly clear that mRNA analysis
alone is not enough for the full understanding of many biological processes. Changing mRNA
levels are accurate indicators of cell state, but struggle to produce insights into regulatory
mechanisms happening on the epigenomic or protein level33.
In the light of this, a host of single cell multiomics technologies have been developed193.
Since most of them rely on NGS they often combine RNA-Seq with a combination of
proteomic, genomic, or epigenomic analysis. Besides this there are also some applications
that separately analyse the cytoplasmic, and nuclear transcriptome42, or include information
about transfected single-guide RNAs45.
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Spatial proximity of the components of a cellular system is information that is mostly
neglected by the mentioned single cell methods, outside of single-molecule fluorescence
in-situ hybridization (smFISH), and the in-situ PLA. However, most proteins do not fulfil all of
their functions in isolation, but in conjunction with other proteins194. Therefore, a lot of
potential information is contained in protein-protein-interactions (PPI). By using information
about its neighbours, it can also be possible to identify the location of a protein within the
cell146.
Protein complexes play a huge role in how cells integrate signaling events; proximity
measures have therefore the potential to monitor signaling cascades30,59, which can deepen
the understanding about the kind of signals a cell was integrating at the time of the
measurement.
PLA is a well-established proteomics method that relies on probes consisting of DNA
conjugated Antibodies46. In contrast to immuno-PCR195, PLA probes come in slightly different
A and B variants that differ in the orientation of their DNA labels (3’-5’ vs 5’-3’). If A, and B
probes bind epitopes in close spatial proximity, the two oligomers can be linked by a
connector oligomer, that is able to hybridize to the free ends of both probes. During a
ligation step, the two probes are joined permanently, which generates a PCR amplifiable
product (Figure 4.1A). Using this process, the combination of ligated probes can be used as
a proxy for spatial proximity of the bound epitopes (Figure 4.1B).
PLA and its cousin the Proximity Extension Assay (PEA) have previously been applied for
highly sensitive proteomics measurements from plasma, and single cells. Additionally, PEA is
one of the most highly multiplexed commercially available proteomics assays available 48.
Both assays have previously been used for joint mRNA-protein measurements25,26,26, but
neither of them has so far been integrated with state of the art high-throughput RNA-Seq
workflows, that usually prefer simpler immunostaining methods122,124. Furthermore, PLA is
routinely used to detect PPIs in situ or solution30,59.
In this study, we present a PLA probe architecture that is compatible with state of the art
high-throughput single cell sequencing technologies, like SMART-seq94, or DropSeq95; we
demonstrate the feasibility of our approach using measurements from bulk samples, and
highlight how PLA could be integrated into current multi-omics analysis pipelines in the
future.
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Figure 4.1. Working Principle of PLA Seq
(A) PLA probes binding epitopes in close spatial proximity bring their DNA oligomers close to each other.
During a ligation step, Probes carrying barcodes A, and B are joined permanently, which records the proximity
event as a detectable amplicon (B) Cells are surface stained with PLA probes that are ligated to other probes in
their proximity. This results in a high-dimensional readouts of the occuring proximity events

4.3 Results Section
A set of 20 monoclonal antibodies against 11 common T-cell surface proteins (Supplemental
Table 4.2) was converted into PLA probes using a dibenzocyclooctyne (DBCO) based
conjugation protocol185. Different antibodies binding the same antigen were labelled pair 1
and 2. The cocktail was used to perform PLA on fixed Jurkat, and H1299 cell lines that had
been stimulated using Phytohaemagglutinin (PHA), or were simply washed with PBS. Cells
were lysed in bulk after the assay concluded, and PLA products were PCR amplified from
crude lysate using primers carrying partial Illumina barcodes that are completed over two
steps of PCR186. mRNA was extracted from the same cell lines, reverse transcribed using
Oligo (dT) Primers, and prepared for NGS in parallel to the PLA samples.

4.3.1 Preliminary analysis
Both cell lines were clearly distinguishable from each other using both RNA-Seq, and PLA
data (Figure 4.2A-B). Analysing the PLA products upregulated in Jurkat cells, indicated that
most of them included CD3, and CD28 (Figure 4.2D). This was supported by findings from
flow cytometry, using the same antibodies as the PLA probes (Supplemental Figure S4.2).
Comparing the total probe signal (TPS) (i.e. all PLA products that can be mapped to a certain
probe pair) between cell lines revealed strong upregulation of CD3 and CD28 (p< 1e-6,
Aldex2196, Figure 4.3A). However almost all the remaining probes were also weakly
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Figure 4.2. RNA-Seq, and PLA-Seq data can both distinguish H1299, and Jurkat cells:
(A) RNA-Seq based clustering of H1299 (blue), and Jurkat cells (red), that were threated with PHA (light), or left
untreated (dark). The two PCA components explaining most of the variance are shown. (B) Same clustering as
in (A), based on PLA-Seq data. Explained variances of the shown principal components can be found in
Supplemental Figure S4.1.
(C) Scaled mRNA expression levels of genes that are differently expressed between H1299, and Jurkat samples
(EdgeR, FDR < 0.05)
(D) Scaled expression levels of most variable PLA products (LOESS, FDR < 0.05)

upregulated in H1299 cells. Some genes remain upregulated in H1299 even if only the most
differently expressed probes are considered (Figure 4.3B). This is surprising since H1299
cells are not expected to express any of the analysed antigens, a fact that was reflected in
the low total number of unique molecular identifiers found in each sample (Supplemental
Figure S4.3). Jurkat libraries were shown to be much more diverse than the H1299 cells,
indicating that less PLA probes are binding to H1299 cells than to Jurkat cells. Despite this
the H1299 cells produced a consistent ligation background (Supplemental Figure S4.4, mean
spear = 0.92 ± 0.01).
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4.3.2 RNA-Seq Results
RNA-Seq was used to compare mRNA expression levels of the two cell lines. Using edgeR197,
and a false discovery rate cut-off of 0.05, a total of 66 significantly differentially expressed
genes were found. The identified cell line specific genes agreed well with predictions from
literature198–201 (Supplemental Table S4.1) 41 of 66 genes were associated with one of the
two cell lines in at least one of the checked databases. The predictions from our data agreed
with the references in all cases (i.e a gene that we predict to be upregulated in Jurkat cells
was either indicated to be highly expressed in Jurkat cells, or lowly expressed in H1299).
Furthermore, CD3E was strongly upregulated in Jurkat cells in both mRNA-Seq, and PLA data
(Figure 4.1C, Figure 4.2B).
Only a single gene KIDINS220202 was significantly differentially expressed between
unstimulated, and PHA stimulated Jurkat cells. Although KIDINS220 is involved in TCR
signaling in T-Cells, it is unclear if signaling affects its mRNA levels.
In the light of this, we were not able find a clear separation between PHA stimulated, and
untreated cells on either the mRNA, or protein level. Therefore, stimulated and
unstimulated cells were deemed identical for the subsequent analysis.

4.3.3 Mechanism of PLA product formation
To understand the produced PLA product distributions, it is necessary to consider the
different kind of proximity interactions that can occur under the current assay conditions
(Figure 4.4A). PLA signals can be generated by four different mechanisms; specific proximity
interactions (Figure 4.4A, i-ii) that arise if two PLA probes bind different epitopes, of the
same target protein, or on two proteins that are interacting with each other directly or via
some intermediate adaptor proteins. In this case proximity is inherently due the spatial
organisation of the target, and not depending on the target’s concentration on the cell
surface.
In contrast there are also unspecific proximity interactions (Figure 4.4A, iii- iv) caused by
crowding of PLA probes on the cell surface; in this case the probe-bound antigens are not in
proximity for functional reasons, but due to random spatial association on the cellular
membrane. The magnitude of this effect strongly depends on the amount of PLA probe that
is bound on the cell surface, because higher number of probes will lead to more random
encounters between probes. Furthermore, the concentration of bound PLA probe is a
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Figure 4.3. Total Probe Signal
(A-B) Scaled PLA-Seq expression levels in Jurkat, and H1299 cells, as measured by the Total Probe Signal (TPS).
All probes (A), or only probes with an actual effect size bigger than 5 (B) are shown.
All values are shown as centered log ratio (base 2), and the rows are scaled for better visualization.

function of both antigen concentration, and unspecific binding of probes to the cellular
surface.
Specific, and unspecific proximity interactions lead to different product signatures that can
be exploited to distinguish them. Whereas specific proximity events happen between welldefined probe pairs, unspecific proximity occurs between random pairs. Nevertheless, the
strength of the interaction will depend on the effective concentrations of the two probes on
the cell surface. This means that probes with an increased presence on the cell surface due
to antigen binding, or a higher concentration in the used PLA cocktail, will form more
ligation products than other probes. This makes it possible to determine the relative
concentration of a probe depending on how often it forms PLA products with all other
probes (i.e. how big of a fraction of its partner’s PLA products it makes up). The relative
concentration of each PLA probe can then be used to predict the ligation background of a
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sample (i.e. the amount of PLA product that is not caused by specific proximity interactions).
By comparing the observed PLA signal to the predicted background, it is possible to judge if
certain probe interactions are caused by specific proximity, or if certain antigens are
upregulated between samples (i.e. higher relative concentrations of certain probes when
using the same cocktail for different biological samples).

4.3.4 Estimating H1299 ligation background
This approach was tested using H1299 samples. The fraction of products, PLA probes form
with all possible ligation partners does indeed not change much across binding partners
(Figure 4.4B, Supplemental Figure S4.5). This indicates that PLA probes ligate other probes
with constant rates (e.g. in the absence of specific proximity interactions, a probe with a
relative concentration of 10% can be found in 10% of the PLA products of all possible
ligation partners). This agrees with the assumption that PLA-signals in H1299 are mostly
generated by unspecific proximity interactions. This allowed us to approximate a probe’s
concentration relative to all other probes, using the geometric median of its product
fraction; the calculated relative probe concentration agreed well between H1299 replicates
(Figure 4.4C-D, Supplemental Figure S4.6). Using the median instead of mean makes the
estimated concentration more robust in cases where some specific probe interactions are
present as well.
In the absence of specific proximity encounters, the observed PLA signal is expected to
solely depend on the concentration of bound probe on the cell surface. Therefore, we
approximated the relative ligation background as the product of the relative probe
concentrations of the involved probes, and compared it to the H1299 measurements (Figure
4.6B, Supplemental Figure S4.7A); only 12.3% of the H1299 signals lied more than 2.5
standard deviations (SD) above the predicted background values, and the predicted and
measured values correlated well (spear = 0.96 ± 0.01). Therefore, most signals from H1299
cells can be explained by the observed probe concentrations and do not have strong
contributions from specific proximity events.
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Figure 4.4. Determination of Backgound Ligation Rates
(A) Mechanisms of PLA signal generation. Proximity can occur due to specific interactions (i-ii), if probes bind
epitopes on the same protein (i), or on proteins that form a complex with each other (ii). Alternatively,
proximity can occur randomly if probes bind non-interacting proteins that just happen to be in similar
locations (iii), or if probes unspecifically bind close to each other (iv)
(B) Centered-Log-Ratio of the fraction of PLA products where probe A is either CD45RA.2, or CD8.2. Fractions
across all possible ligation partners within the same sample are shown (n = 20).
(C) Median of the Probe A product fractions is a measure for the relative probe concentration. Values across all
H1299 replicates are shown for A-probes of CD45RA.2, and CD8.2 (n =6)
(D) Estimated H1299 relative probe frequencies for all A-probes. Data are shown as mean ± SD (n=6)
CLR is always calcluated using the logarithm with base 2
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Figure 4.5. Volcano plot and Concentration comparison probe B
(A) Volcano plot of estimated median relative probe A frequencies. -log10 of the p-value of a two-sided t-tests
of estimated Jurkat and H1299 probe B median relative concentrations are plotted against the log2 of the
differences of probe concentration means. Probes with a mean difference of at least a single fold-change and a
p-value < 0.05 (red line) are coloured blue.
(B) Median relative probe concentration distributions of the probe Bs labelled in (A). H1299 estimates are
shown in red, Jurkat in cyan.

4.3.5 Comparing Jurkat, and H1299 signals
The Jurkat specific ligation background was estimated as described for H1299 cells and
compared to the measured Jurkat signals and the H1299 background values (Supplemental
Figure S4.7B-C). The estimated Jurkat, and H1299 relative probe concentrations, agreed well
with each other, except for few probes that were considerably upregulated in Jurkat cells
(Figure 4.5 + 4.6A, Supplemental Figure S4.8 + S4.9).
Since all assay conditions were kept constant for both cell lines, this increase is unlikely to
be of technical nature, but probably caused by increased binding of these probes to Jurkat
cells due to surface expression of their antigens, and the subsequent increase in unspecific
proximity (Figure 4.4A, iii). Indeed, only a few probes have a strong and significant increase
in Jurkat cells, while none have in H1299 (Figure 4.5, Supplemental Figure S4.10).
Furthermore, the three probes with the biggest change in estimated concentration (CD3.1,
CD3.2, CD28.2) are the probes that produced the highest flow cytometry signal in Jurkat
cells (Supplemental Figure S4.2).
Since the Jurkat ligation background also accounts for increases in PLA signal caused by
antigen binding probes, it can explain most of the observed signals; however, there are still
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Figure 4.6. Estimation of ligation background, and comparison between Jurkat, and H1299 cells
(A): Pairwise Comparison of estimated relative probe frequencies between H1299, and Jurkat cells. The black
line indicates perfect agreement between the two frequencies. Errorbars depict SD of biological replicated
(n = 6)
(B-C): Predicted Ligation Background, as estimated from the relative probe concentrations. Red ribbon entails
mean of the predicted background + 2.5xSDs (n = 6). Corresponding experimental measurements are shown in
black. Data for both H1299 (B), and Jurkat (C) cells are shown.
(D) Top10 highly expressed PLA products after background correcting the measurements using the predicted
ligation background.
All values are CLR transformed using the logarithm of base 2

products, whose expression levels cannot purely be explained by the observed probe
frequencies (Figure 4.6C).
Both H1299, and Jurkat measurements were corrected by their expected ligation
background (Figure 4.6D). Background correction removed almost all signals from H1299
cells, while still conserving signal in Jurkat cells.
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4.4 Discussion
We successfully used NGS for the analysis of PLA products derived from 20 different
proximity probes, producing 400 different probe combinations. PLA could clearly distinguish
two cell-lines based on either TPS (Figure 4.3) or individual PLA product distributions
(Figure 4.2D). Overexpression of CD3, and CD28 containing PLA products in Jurkat cells was
confirmed both by differential expression analysis of the TPS, by our estimates of the
relative probe concentrations (Figure4.3B+4.5), and also using flow cytometry
(Supplemental Figure S4.2).
Furthermore, we described a method to estimate expected background ligation levels, using
the estimated relative concentration of PLA probes. The estimated ligation background was
able to explain most PLA products generated in H1299 cells that were used as negative
controls (Figure 4.6B). Jurkat cells contained some highly upregulated PLA products whose
expression levels could not purely be explained by the estimated ligation background
(Figure 4.6C). Overexpression of CD3, and CD28 containing PLA products was confirmed
both by differential expression analysis in comparison to H1299 cells, and by our own
background correction method based on the relative probe concentration. It also agreed
with results from flow cytometry (Supplemental Figure S4.2).
Normalisation by the predicted ligation background has the advantage that no reference
samples are necessary to determine upregulated protein interactions; the probe
distributions of the observed PLA products are sufficient to find products whose expression
level cannot be explained by the concentration of the two ligated probes (Figure 4.6D).
All strongly upregulated probes contained a high fraction of homo-dimeric ligation product
(i.e. CD28.2:CD28.2, CD3:CD.3). Since monoclonal antibodies were used, probes derived
from the same antibody, cannot bind the same antigen, which prevent the formation of
intra-molecular proximity events (Figure 4.4A, i). Therefore, CD28, and CD3 PLA products
are likely caused by real protein complexes; Indeed CD28 is known to form homo-dimers203,
which would allow monoclonal PLA probes to hybridize with themselves. CD3 is part of the
T-cell receptor (TCR)204; since two copies of the recognized epsilon subunits are present in
the TCR, the same is likely also true for the CD3 probes205.
However, the presence of a high amount of CD28:CD3 ligation product was not expected,
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because the two proteins are not known to interact directly, outside of the formation of
immunological synapses. It is possible that the observed interactions were mediated
through indirect binding events to a third protein, or that the concentration of CD3, and
CD28 proteins on the cell surface is so high that the effective proximity effect is much higher
than predicted by our background estimation.
In the light of this, further proof that our method can detect PPIs is necessary. A previously
described model system for TCR signaling, between Jurkat T-cells, and Raji B-cells might be
well suited for this approach206. In contrast to PHA stimulation, that is supposed to
unspecifically cross-link surface proteins, formation of an immunological synapse would
provide the necessary scaffolding proteins like PD-L1 or B7 to induce proximity of the T-cell
surface proteins. The produced complexes would also be well defined, which makes it easier
to verify detected PPIs.
Finally the used PLA protocol depending on extracellular staining is very similar to
established CITE122, or REAP-seq124 protocols. All PLA specific steps can be performed while
the cells are in suspension, which ensures that the established protocols can easily be
implemented with state-of-the-art Drop-Seq workflows.
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4.5 Methods
4.5.1 PLA probe preparation using DBCO conjugation
A 3 mM solution of Dibenzylcyclooctyne-PEG4-N-hydroxysuccinimide ester (DBCO-NHS,
Sigma Aldrich) was prepared in dimethyl sulfoxide (Sigma Aldrich). 9 l of each antibody
(Supplemental Table 4.2) were mixed with 1 l of 3 mM DBCO-NHS, and incubated for
60 min on ice. Excess cross linker was removed using Zeba Columns (7K MWCO, 75 l,
Thermo Fisher Scientific). Conjugation efficiency was determined by measuring absorbance
at 280 nm, and 309 nm (NanoDrop ND 1000)185.
DBCO activated antibodies were diluted to 0.55 mg/ml, and mixed with 40 M PLA oligomer
carrying azide modifications on their 3’ or 5’ end (IDT, Supplemental Table 4.3 +4.4). The
probes were incubated for 72 h at 4 ̊C. Unbound oligomers were removed using a BSA
Removal Kit (Abcam). PLA probe concentrations were determined using a NanoOrange
Protein Quantitation Kit (Thermo Fisher).
An overview of the used antibodies and PLA oligomers can be found in Supplemental Tables
4.2-4.4

4.5.2 PLA staining protocol:
PLA probes were diluted to a concentration of 1 nM in Probe Binding Buffer (Chapter 3,
Methods). Then, 500,000 Jurkat or H1299 cells were pelleted at 500xg for 5 min.
Subsequently, the cells were resuspended in 20 µl of PLA probe cocktail, and incubated for
60 min on ice.
Subsequently, 1 ml of PBS containing 1% BSA was added to the cells, and they were
centrifuged 5 min at 500xg. The supernatant was removed, and the wash was repeated two
more times. Afterwards, the cells were resuspended in 100 µl ligation solution (Chapter 3,
Methods). The cells were then centrifuged again, and the pellet resuspended in 30 µl 1x TM
lysis buffer (Promega). Lysate was heat inactivated for 10 min at 95 ̊C.

4.5.3 PLA NGS library preparation
PLA-Seq libraries were produced using a two-step PCR protocol based on a previously
established library preparation method186. Initial amounts of PLA product were normalised
across samples using their expected concentration, as estimated by ddPCR, or qPCR.
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For the first PCR amplification step, a 25 µl reaction mix containing 10 µl of diluted PLA
product, KAPA HiFi GC Buffer (1x), dNTPs (300 µM), KAPA HiFi HotStart DNA Polymerase
(0.5 U), DMSO (3%), and the PCR1 primers (300 µM each). The samples were then amplified
using the following protocol: 1X 95°C for 3 min; 11X 98°C for 20 s, 65°C for 15 s, 72°C for
15 s; 1X 72°C for 2 min; followed by an infinite hold at 10°C. PCR reactions were then lefthand purified using SPRI select beads using a 1.2x reagent to sample ratio.
Purified PCR1 products were serial diluted in ddH20 up to 100,000x. 9 µl of each dilution
was then mixed with 10 µl of 2x ddPCR MasterMix, and 1 µl of a 20x hydrolysis probe mix
containing 5 µM of hydrolysis probe, and 18 µM of both forward, and reverse primers. The
samples were then emulsified using a QX100 Droplet Generator (Biorad), and thermal cycled
using the following protocol: 1X 95°C for 10 min; 40X 94°C for 30 s, 60°C for 1 min; 1X 98°C
for 10 min, followed by an infinite hold at 10°C. During the whole protocol the thermal
cycler was operated at a ramp speed of 1.5°C/s
The amplified emulsions were analysed using a QX100 Droplet Reader (Biorad), and
QuantaSoft analysis software (Biorad, v1.7.4.0917). The measured concentrations were
used to calculate the concentration of each PCR1 product.
For the second PCR amplification step, 800,000 molecules of PCR1 product were amplified
in a 25µl reaction mixture containing KAPA HiFi GC Buffer (1x), dNTPs (300 M), KAPA HiFi
HotStart DNA Polymerase (0.5 U), and the necessary PCR primers (300 M each). The
following thermal cycling protocol was used: 1X 95°C for 3 min; 25X 98°C for 20 s, 72°C for
30 s; 1X 72°C for 2 min; followed by an infinite hold at 10°C. Afterwards, the PLA libraries
were left-hand purified using SPRI beads (1.2x). The purified libraries were quantified using
a Fragment Analyzer (Agilent, DNF-473 Standard Sensitivity NGS Fragment Analysis Kit).
Clean libraries with a single, well defined peak were diluted to 10 nM in 10 mM TRIS-HCL,
0.1% Tween-20 Buffer, and pooled at the desired ratio. Finally, the pooled libraries were
sequenced on an Illumina MiSeq using a 2x300bp paired end run with 12 pM loading, and
10% PhiX.
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4.5.4 RNA-library preparation protocol:
Total mRNA was extracted from H1299, and Jurkat cells using the RNeasy Plus Mini Kit
(Qiagen). The concentration of extracted mRNA was determined using NanoDrop ND 1000.
First strand synthesis was performed using the GoScript RT System (Promega). Thereby,
60 ng of total RNA were diluted to 4 µl using deionized water, combined with 1 l of
oligo-dT primers, and incubated for 5 min at 70 ̊C. Then, the solution was immediately
stored on ice, and combined with a reverse transcription mix containing 7 l H2O, 4 l 5X RT
buffer, 1.5 l MgCl2, 1 l dNTPs, 0.5 l RNAsin, 1 l reverse transcriptase, and 5 l of
oligo-dT primers. The resulting reaction mixture was incubated 5 min at 25 ̊C, 1h at 42 ̊C,
and 15 min a 70 ̊C.
The crude cDNA preparations were then turned into NGS libraries using the following twostep PCR protocol. 1 µl of cDNA solution were combined with 24 µl of a reaction mixture
containing KAPA HiFi GC Buffer (1x), dNTPs (300 M), KAPA HiFi HotStart DNA Polymerase
(0.5 U), DMSO (3%), and N6-PCR primers (600 nM). The reaction was then thermal cycled
using the following protocol: 1X 95 ̊C for 3 min; 1X 98 ̊C for 20 s, 37 ̊C for 20 min, 72 ̊C for
15 s; 1X 72 ̊C for 2 min, followed by an infinite hold at 10 ̊C. The solution was then left-hand
SPRI purified (1.2X), and eluted into 20 µl of ddH20.
6.5 µl of the eluate were mixed with 18.5 µl PCR master mix containing KAPA HiFi GC Buffer
(1x), dNTPs (300 M), KAPA HiFi HotStart DNA Polymerase (0.5 U), DMSO (3%), and PCR
primers (600 nM each). The samples were amplified using the following protocol: 1X 95 ̊C
for 3 min; 10X 98 ̊C for 20 s, 60 ̊C for 30 s, 72 ̊C for 15 s; 1X 72 ̊C for 2 min, followed by an
infinite hold at 10 ̊C.
Subsequently, the samples were diluted 200x using ddH20, and 4.5 µl of the resulting
solution were combined with 23 µl of PCR master mix containing KAPA HiFi GC Buffer (1x),
dNTPs (300 M), KAPA HiFi HotStart DNA Polymerase (0.5 U), and PCR primers (600 nM
each). The samples were amplified using the following protocol: 1X 95 ̊C for 3 min; 28X 98 ̊C
for 20 s, 72 ̊C for 30 s, 72 ̊C for 15 s; 1X 72 ̊C for 2 min, followed by an infinite hold at 10 ̊C.
The resulting libraries were two-side size selected using SPRI select beads (0.8X:0.5X), and
eluted into 20 µl of Tris - HCl buffer.
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The final libraries had a fragment distribution ranging from 300-800bp. Library
concentrations were determined using a Fragment Analyzer, and using a Standard
Sensitivity NGS Fragment Analysis kit. Libraries with the expected size distributions were
diluted to 10 nM in Tris-HCl, 0.1% Tween-20 Buffer, and pooled. They were sequenced on an
Illumina MiSeq using a 2x300bp paired end run with 12 pM loading, and 10% PhiX.

4.5.5 Extraction of PLA Count Matrices:
The generated FASTA files were analysed using custom python analysis pipeline (v 3.7.0). In
a first step, reads were trimmed, and low-quality sequences with an average phred score
smaller than 27 were discarded. Next, the trimmed reads were aligned to a reference
sequence using the pairwise2 module (Biopython v1.72). Reads with incomplete, or
excessively long barcodes were discarded. So where reads, that did not end in a Poly-A tail,
or that were too short, and therefore most likely a PCR artefact.
In a second step, the sample barcodes, antibody barcodes, and UMIs were extracted from
the trimmed reads based on their base position. Barcodes within a single mutation of an
expected barcode sequence were corrected. Reads not carrying any known barcodes were
then discarded.
In the final analysis step, UMIs belonging to reads carrying identical sample and probe
barcodes were collapsed using the following process, based on UMI-tools207: The UMI with
the highest copy number (n0) was picked as the centre of a potential cluster. All UMIs within
a single editing distance of the chosen UMI were added to the cluster if their copy number
(ni) fulfilled the following condition: no ≥ 2*ni -1. This process was repeated for all
neighbours of UMIs in the cluster, until no more UMIs could be added. All UMIs in the
cluster were then removed from the sample, and the process was repeated for the
remaining UMI with highest copy number. In the end, the number of found clusters was
reported as the signal of the specific PLA-Probe combination, and added to the Count
Matrix.
A quick overview over the fraction of reads mapping to each PLA probe revealed that most
probes in the cocktail received a high number of reads (Supplemental Figure S4.11). This
ensures that no systematic problems with the probe cocktail were present. Four probes A
with very low read numbers were excluded from certain down-stream analyses.
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4.5.6 Principal Component Analysis of PLA signals originating from HEK, and H1299
cells:
The extracted Count Matrices were analysed in R (v3.5.3). Counts mapping to PLA products
originating from the same two probes were added together independent of their
orientation. Products with an average count smaller than 1 across all samples were then
excluded from the analysis. Due to their very low signals across all conditions, products
containing CD27.2, CD127, CD45RO.1, or CD132 as probe A were removed prior to analysis
(Supplemental Figure 4.11).
PLA products were assumed to be compositional data, and were transformed using the
Centered-Log-Ratio (CLR). The CLR of the PLA product 𝑃𝐴𝐵 is given as196:
𝐶𝐿𝑅(𝑃𝐴𝐵 ) = 𝑙𝑜𝑔2 (𝑃𝐴𝐵 ) −  𝑙𝑜𝑔2 (𝐺(𝑃𝐴𝐵 ))
with 𝐺(𝑋) being the geometric mean of X.
Highly variable PLA products were identified by fitting their mean expression level versus
dispersion (variance divided by mean) relationship to a LOESS regression curve 103,122. Only
products with an adjusted p-value smaller than 0.05 were retained for further analysis.
CLR transformed and scaled values of the most variable PLA products underwent
dimensionality reduction using Principal Component Analysis (PCA).

4.5.7 Determination of Total Probe Signal (TPS)
The TPS of a probe was determined by summing up the UMI counts for all PLA products
mapping to a specific probe. Differential expression of TPS between cell lines was tested
using ALDEX2, a data analysis tool specifically optimized for compositional data196. Probes
with an absolute effect size of at least 5 were considered to be differently expressed
between the two samples (Figure 4.3B).

4.5.8 Extracting Count Matrixes from RNA-Seq Data:
Reads were trimmed to the first 50bp, and reads not having an average phred quality of at
least 30 were discarded. The remaining reads were aligned to the human genome (UCSC
GRCh38208) using the BowTie2 aligner209. Aligned reads were mapped to the exons of known
genes using the GenomicAlignments package210 (v1.18.1) for Bioconductor (v3.8).
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Genes with less than six observations across all samples were discarded. Subsequently
differentially expressed genes were determined using edgeR197. Only genes with a false
discovery rate (FDR) below 0.05 were kept, and used for PCA analysis of the samples.
Furthermore, differentially regulated genes were compared to several databases that
contain up- or downregulated H1299/Jurkat genes (Harmonizome, BioGPS, CCLE,
Supplemental Table S4.1)198–201.

4.5.9 Prediction of Ligation Background:
The relative concentration of probe Ai is determined in the following way:
For each Probe A1, we estimate its concentration based on the amount of signal it produces
relative to the total signal of each individual binding partner BX. To do this we calculate the
CLR of P1,X relative to all PLA products formed by BX (P1:20,X):
Conc(𝐴1 ) = 𝑙𝑜𝑔2 (𝑃1,𝑋 ) −  𝑙𝑜𝑔2 (𝐺(𝑃1:20,𝑋 ))
Repeating this for all binding partners will give us 20 estimates for the relative concentration
of Probe A1. As expected, in the absence of specific interactions, the concentration is quite
comparable across ligation partners (Figure 4.4B, Supplemental Figure S4.5). Due to the
very low number of reads mapping to the probe As of CD127, CD132, CD45RO.1, and CD27.2
they were not used for the estimation of the concentrations of their binding partners
(Supplemental Figure S4.11).
In cases like the Jurkat samples, where we have some specific binding interactions, the CLR
of a probe for a single partner might be much higher than for all the others (i.e. CD28:CD28).
To avoid skewing of the calculated concentrations by such effects it is appropriate to report
the median of the individual concentration estimates of a replicate. This procedure is
repeated for each sample (Supplemental Figure S4.6) and the mean of each replicate is
used to calculate the cell line specific probe concentration. The cell line specific relative
probe concentration can be generated by taking the mean of all sample specific relative
probe concentrations (Figure 4.4C, Supplemental Figure S4.9)
In the absence of specific proximity interactions, the ligation background will only depend
on the relative concentration of the two interacting probes. It is therefore approximated as
the sum of the two CLR transformed frequencies (using the logarithm of base 2). This
ensures that the relative differences between two PLA products are conserved.
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To make the predicted ligation background comparable to the measured signal, both are
CLR transformed. To correct for the estimated ligation background, measurements that are
not higher than the mean of the estimated background plus one standard deviation are
assumed to be identical to the background, and set to zero. All other measurements are
corrected by the described threshold (Figure 4.6D).
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Chapter 5: General Discussion
Over the last ten years, the field of single cell analysis underwent tremendous change. The
development of more sensitive assays, and improvements in liquid handling, and sample
preparation, morphed a field that was once dominated by optical methods like fluorescence
microscopy, and flow cytometry into an era defined by high dimensional methods like next
generation sequencing (NGS), and mass cytometry by time of flight (CyTOF).
This change was especially interesting for single cell protein analysis. Due to its reliance on
affinity reagents, it benefited most from progress in microfabrication, and liquid handling.
This led to an explosion in different microfluidic implementations of traditional enzymelinked immunosorbent assays (ELISA), with widely different goals, and trade-offs. However,
microfluidic chips are restrained by the amount of physical space they can occupy. This
naturally limits the number of ELISA assays that can be run on a single chip, and requires a
trade-off between the number of analysed cells, and the number of proteins that can be
quantified. The heterogeneous nature of most used assays also requires the implementation
of multiple washing, and incubation steps, which requires more complex micro-chip
architecture, and operation. This makes custom microfluidic experiments far from
standardized, and increases the fail rate.
In the context of this we used the proximity ligation assay (PLA) assay to develop our own
single cell protein analysis methods. By relying on PLA we hoped to simplify the necessary
microfluidic architectures, or omit them altogether; we also expected to benefit from
ongoing development in state of the art NGS technologies, and hoped for an easy
integration of protein detection with transcriptomics measurements.
In a first step we implemented a commercially available PLA assay for the digital
quantification of proteins and mRNAs in single cells. By doing this we aimed to produce a
highly quantitative method that could be used to calibrate mathematical models.
Consequently, we presented one of the first implementations of PLA that was capable of
single cell analysis, and simultaneous absolute quantification of proteins, and mRNAs in
mammalian cells. The produced data revealed an overall low correlation between mRNA
and protein levels, and was fitted well by a stochastic two-state gene expression model, that
was previously used for the description of prokaryotic, and mammalian geneexpression34,35,78.
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Next, we developed our own PLA barcode architecture with the aim of using NGS for highdimensional protein quantification. By using PLA instead of simpler immune-PCR protocols
we aimed to detect protein-protein interactions (PPI), a readout that is not currently
collected by any other high throughput single cell analysis method. Subsequently, a custom
PLA architecture that is compatible with state of the art high-throughput RNA-Seq protocols
was developed. Finally, we verified the functionality of our protocol using bulk
measurement from fixed cells, which confirmed that we could detect the same proteins as
detected by flow cytometry.

5.1 Development of heterogeneous PLA with single cell sensitivity:
5.1.1 Absolute quantification of mRNA and protein levels from single cells
Since we took a lot of care to calibrate our protein measurements we were able to produce
absolute measurements for both protein, and mRNA copy numbers. This sets our results
apart from similar PLA/PEA approaches that also achieved joint mRNA/protein
quantification. The unique nature of our data is a boon for mathematical modelling because
it allows the direct comparison of mRNA, and protein quantities and estimation of physically
relevant quantities like rate constants; this increases the ease with which they can be
compared to literature values, or control experiments. The advantages of using absolute
numbers were nicely demonstrated by Hui and colleagues; it allowed them to combine the
quantities of related protein species into coarse-grained sectors, which considerably
simplified their flux model of resource allocation in E. coli protein production 211. Another
arising application of absolute quantification is the desire to combine multiple highdimensional datasets into atlases. In the absence of absolute measurements this needs to
be done using sophisticated computer algorithms that account for technical errors between
different experiments212. Such methods rely on the presence of shared cell types across all
datasets. Absolute quantities of some measured genes could potentially help to alleviate
this need, and lead to more accurate normalisation.
Even tough digital PLA cannot compete with the degree of multiplexing of state of the art
single cell proteomics anymore, the fact that it easily can be calibrated makes it still an
interesting method for studies that do rely on the accurate quantification of few target
proteins/mRNAs instead of high dimensional data.
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5.1.2 The GFP problem, and switching to CD147
Irreproducible GFP calibration curves made us switch our digital PLA analysis from GFP to
CD147. We linked the problems to aggregation of GFP proteins in the used protein
standards. In hindsight, the most likely reason for the observed aggregation was probably
snap-freezing the GFP aliquots. If PLA measurements were calibrated with GFP standards
that were kept only at 4°C, the resulting curves might be much more reproducible. Based on
this assumption, it might be worthwhile to reconsider the use of GFP in digital PLA, because
its common use as a fusion protein makes it still an interesting target. GFP fusions allow the
quantification of a variety of different proteins with the same probe, which reduces assay
development costs. Furthermore, they are interesting for the benchmarking of PPI
detection, because they contain two different, physically linked proteins that can both be
targeted by PLA probes.

5.1.3 Joint mRNA, protein detection from single cells
Splitting the sample into two halves is one of the least desirable way to integrate
multimodal measurements. It necessarily leads to the loss of parts of the sample’s signal,
which can be especially important for lowly expressed quantities like some mRNA species.
This effect is confirmed in dPLA by the higher limit of detection for protein measurements, if
conducted simultaneous to mRNA quantification.
Our efforts to integrate simultaneous mRNA and protein quantification in a single reaction
were mostly hampered by the high dilution during the ligation step that decreased the
concentration of the mRNAs bellow a detectable level. This problem can only be addressed
by pre-amplifying the cDNA, which would decrease the accuracy of the measurements, or by
microfluidic integration. Indeed, successful one-pot mRNA/protein was recently
demonstrated by performing PEA/RT-PCR in the micro chambers of a Fluidigm C1 Chip26

5.1.4 Protein-mRNA correlation
Our finding of low mRNA protein correlation in single cells largely agrees with the findings of
other studies26,26. However, there are some indicators that this question is not so easy to
answer. First, there is theoretical work that describes how protein/mRNA correlation is
strongly depending on the half-lives and bursting kinetics of the analysed genes37. This,
makes intuitive sense, because very unstable mRNAs will rarely match the expression levels
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of very stable proteins; on the other hand unstable proteins will faithfully follow mRNA
trajectories, although with a slight time delay caused by translation.
Another complicating factor is the discovery that the nuclear membrane might act as a noise
filter for cytoplasmic mRNA levels38,39. If this is true, protein mRNA correlations might
depend on whether total-, nuclear-, or cytoplasmic-mRNA levels are measured during an
experiment. This was partly addressed by sequencing platforms that separately quantify the
nuclear, and non-nuclear mRNA levels; they found a general high agreement between the
two, but also clear differences for certain genes42. However, Popovic and colleagues also
found that the cytoplasmic mRNA levels correlate comparably well with protein levels
(mean R2 of 0.732), and found that protein levels can be predicted well by cytoplasmic
mRNA levels if one accounts for the microenvironment, and state of a cell28. Finally, the
high-throughput single cell multiomics methods REAP-seq124 and CITE-seq122 also find
opposite results, predicting either a high (R2 = 0.4-0.7), or low correlation between the two.
Together this implies that it does not make sense to think about mRNA-protein correlations
on a global level, but on a gene-by-gene basis.

5.1.5 Digital PLA Outlook
Despite the rapid improvement of single cell proteomics methods, digital PLA still has some
potential applications. Newer Immuno-PCR based methods focus more on the highdimensionality of the produced data, and care less about the sensitivity, and quantity of
individual measurements. Therefore, dPLA is still useful for applications where a small
number of cells, and singleplex measurements are sufficient, but a high accuracy, and
absolute quantification are required. The assay is also well suited for microfluidic
integration, which might considerably improve the assay’s limit of detection

5.2 Development of high dimensional PLA
5.2.1 Design of PLA architecture
One of the main challenges we had to overcome in the development of a high dimensional
PLA assay was the designing of the used PLA barcodes. During our work with digital PLA we
relied purely on commercially available reagents, but they cannot be multiplexed to higher
than two orthogonal sets of probes. Our first design was a combination of the PLA
architecture presented by Ebai66, and colleagues, and the NGS library architecture used by
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Khan, and colleagues for molecular amplification fingerprinting186. However, the
experimental results where comparably weaker than what we had achieved with
commercial oligomers (Figure 3.3, Figure 2.2).
With the increasing success, and widespread use of single cell RNA-Seq protocols, we
decided to update the design of our PLA architecture; the main goal was to make it
compatible with widespread Drop-seq platforms95, so we would be able to quickly adapt
PLA-Seq for high throughput single cell analysis down the line. This was achieved by
integrating a poly-A stretch at the 3’-end of PLA probe B, that ensured that PLA products can
be integrated easily into any RNA-Seq workflow relying on Poly-(dT) primers.
Since we hypothesised that the poor performance of our first generation PLA barcodes was
related to its long length, we also reduced the overall length of the PLA product, by omitting
the UMI sequence on probe B, and overall trimming of the spacer regions. These changes
also had some functional consequences. The updated architecture performed much better,
than its predecessor, which is probably related to its overall length that should reduce the
distance within which ligation can happen. Furthermore, the inclusion of the poly-A tail
prevented us from using hydrolysis probes during ddPCR, or qPCR analysis of the PLA
products. We therefore, had to switch to intercalating dies, which led to overall worse
performance of our ddPCR assays. The second generation PLA-Seq architecture is therefore
not optimal for qPCR or ddPCR based applications, and should only be used together with
NGS. However, the overall better PLA efficiency, and compatibility with high throughput
RNA-Seq methodologies, clearly outweigh the comparably small drawbacks.

5.2.2 Library preparation
Library generation was a bit more complicated than expected. Analysis of the sequencing
results revealed that some of the PLA libraries contained as much as 95% of a product that
was missing 5bp in the connector region of the PLA barcodes. It was discovered that this
was caused by unspecific priming of un-ligated probe-A oligomers off a 5bp matching
sequence with probe-B oligomers. The existence of this overlap was a clear design flaw,
deriving from the fact that the design we based our PLA architecture on was working with a
highly repetitive sliding connector66. A sliding connector is designed to bind all PLA probes in
a cocktail, but allows only specific probe combinations to be ligated together. Since we want
all our probes to be ligated with each other, we did not make use of a sliding connector, but
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used a constant connector region for all probe combinations. Therefore, we could have
simply chosen a more different sequence on probe B, which would have prevented the
formation of PCR artefacts altogether. This can be addressed easily in an updated design.
The formation of PCR artefact was finally addressed by the optimization of PCR conditions,
or the introduction of a blocking-oligomer that extends the 3’-end of probe A to a sequence
unable to prime unspecific amplification. In the end, we were mostly able to control the
formation of PCR artefact by the reducing the amount of starting material, and limiting the
number of PCR1 cycles to 12; this made it unnecessary to use blocking oligomers in most
cases.

5.2.3 Change of targeted system
We approached PLA-Seq development with the goal of applying it to study NF-B signaling.
This was due to the high relevance of the system as a master regulator of immunity, and
because its signaling cascades are based on many different well characterized protein
complexes, and phosphorylation cascades. Furthermore, there is already a good
understanding of the timescales on which these processes happen. This makes NF-B the
ideal testing ground to showcase the capability to quantify PPIs, and PTMs (Figure 1.3B).
Problematically, the described interactions occur mostly intracellularly. This was not a
problem for our digital PLA assay that relied on cell lysis before probe binding. However, we
were concerned that lysis of the cells would lead to dissociation of most of the protein
complexes we planned to target. Previous PLA versions that targeted NF-B proteins were
proven to work in lysate, but they relied on bulk samples, and targeted comparably high
concentrated ib, and NF-B subunits59; we doubted that the same strategy would work
on the single cell level as well. Furthermore, most recently developed high-throughput
RNA-Seq protocols rely or emulsification of single cells into droplets95, or the split-pot
ligation of fixed cells103. These two reasons make it compelling to switch from a
homogeneous PLA protocol to an in-situ protocol. Since we wanted to keep the first
iteration of PLA-Seq simple, we decided to switch to extracellular target proteins, which
simplifies the required fixation, and staining protocols, and is a strategy that is also
employed by other methods that combine proteomics measurements with droplet based
infrastructure122,124. Therefore we decided to design our probes against proteins involved in
TCR signaling.
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5.3 Conclusion
In this thesis, we demonstrated how PLA can be used to expand the existing single cell
proteomics toolbox. We developed two separate PLA protocols representing alternative
approaches to the challenge of single cell proteomics; digital PLA is designed to perform
highly quantitative measurements on a small scale, while PLA-Seq is less quantitative but
suitable for high-dimensional measurements, and compatible with high-throughput RNASeq protocols.
This makes the two protocols able to tackle different problems, and complement each
other. A potential strategy to use the two methods in concert, might be to perform large
scale analysis of a biological system using PLA-Seq first, and follow it up with digital PLA for a
more in-depth investigation of the most interesting findings.
We also discussed the shortcomings of transcriptomics based analysis, the advantages of
proteomics, and how PLA-Seq fits into upcoming single cell multi-omics strategies. The
importance of this approach was underscored by the concurrent development of single cell
PEA26, and the rising number of existing high-throughput, and high-dimensional single cell
proteomics protocols.
Even though we did not manage to apply PLA-Seq on the single cell level, we demonstrated
many of the necessary steps into that direction, and explicitly designed the assay with this
goal in mind; preliminary single cell PLA-Seq integrations are already being tested in
combination with Drop-seq, and SMART-seq.
We can expect both presented assays to scale well with technical progress. Digital PLA will
benefit from improvements in microchip fabrication. First microfluidic implementations of
digital PLA, or similar assays are already existing, and were able to bring down the limit of
detection to a few thousand molecules per cell213; however, further advances concerning
the number of analysed cells would be desirable. PLA-Seq will profit significantly from
decreasing sequencing costs, and new cell barcoding methods. Both assays have the
potential to profit from more, and more PLA verified antibodies, and PLA-kits that are
currently being commercialized.
Although the high dimensional proteomics field is currently dominated by immunostaining
methods, and CyTOF, neither of these technologies is able to measure PPIs. Unspecific
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binding might also limit the number of proteins that can be analysed simultaneously by
immunostaining. This puts PLA based proteomics assays in a great position to play a
significant role in future single cell omics research.
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Chapter 6: Supplemental Information
6.1 Chapter 2
Supplemental Information belonging to the manuscript “Digital Quantification of Proteins
and mRNA in Single Mammalian Cells.” Published in Molecular Cell:
doi: 10.1016/j.molcel.2016.02.030
Cem Albayrak*, Christian A. Jordi*, Christoph Zechner, Jing Lin, Colette A. Bichsel, Mustafa Khammash, and
Savas Tay
*Co –first authors
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6.1.1 Supplemental Figures

Supplemental Figure S2.1, associated with Figure 2.2 One-dimensional (1D) droplet fluorescence and
concentration plots from GFP (A) and ICAM-1 (B) dilution series. Horizontal magenta lines in 1D droplet plots
indicate the fluorescence threshold values, above which a ddPCR droplet is considered positive. The red
numbers indicate the number of proteins per microliter in each dilution of the protein standard. QuantaSoft
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software converts the number of positive droplets to DNA concentrations (right-hand side plots). Raw data
shown in parts (A) and (B) were used in Figures 2A, 2C and 2D. Error bars, Poisson error from 10,500 to 16,470
droplets. (C-D) Optimization of the digital PLA protocol. Serial dilutions of pure ICAM-1 were used to evaluate
assay performance at different proximity probe concentrations with either the standard 25-fold (C) or 2-fold
(D) dilution during the ligation step. 200 pM of proximity probes provided good sensitivity without high
background signal (C). digital PLA with only a 2-fold dilution during the ligation step yielded poor signal
regardless of proximity probe concentration. Error bars, combined error from both Poisson noise and
technical error from replicates (n=3). (E) ddPCR replicates of eight different PLA samples. Error bars originate
from ddPCR error. (*) used to label samples containing error unexplained by ddPCR, as determined by
QuantaSoft software. (F) Day-to-day variability in GFP calibration curves. Pure GFP standard was serially
diluted in PBS, and different dilutions were measured by digital PLA on four different days. Error bars,
combined error from both Poisson noise and technical error from replicates (n=6 for buffer background of
Curve 1, n=3 for nonzero GFP dilutions of Curve 1, n=2 for other data points). (G) CD147 calibration curves in
Lysate Dilution Buffer (LDB) matrix. Pure CD147 standard was serially diluted in LDB, and different dilutions
were measured by digital PLA on three different days (2 calibration curves were measured on one day). Error
bars, combined error from both Poisson noise and technical error from replicates (n=6 for LDB background,
n=3 for nonzero CD147 dilutions). The merged calibration curve (red) was constructed by combining all
available data (n=24 for LDB background, n=12 for nonzero CD147 dilutions).
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Supplemental Figure S2.2, associated with Figure 2.3. Single cell protein measurements, FACS raw data. (A)
Fluorescence-activated sorting of HEK293T mammalian cells expressing the Tlr4-GFP fusion protein. Four
nested gates were used and are shown from left to right, in order of application. DRAQ7 nuclear dye was used
to distinguish viable cells from non-viable ones. CD147 mRNA and protein of the cells within the R4 population
were analyzed. (B) Fluorescence-activated sorting of RAW 264.7 macrophages with (top row) and without GFP
expression (bottom row). The GFP-negative cells were included as negative control. Three nested gates were
used during sorting and are shown form left to right, in order of application; the middle graphs show cells
within gate R1, while the graphs on the right-hand side show cells within gates R1 and R2. The DRAQ7 nuclear
dye was used to segregate viable cells from dead ones, where nuclei in non-viable cells are stained with
DRAQ7 and thus display higher fluorescence.
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Supplemental Figure 2.3, associated with Figure 2.3. Technical details of single cell digital PLA: (A) digital PLA
signal from lysates of 3T3 cells (murine, red), HEK 293T cells (human, blue), or from, pure 0.1x TM buffer
(black), using anti-hCD147 probes. The limit of detection is indicated by the dashed blue line. Error bars show
ddPCR error of individual measurements (B) Digital PLA signal produced by anti-hCD147 probes used to
analyze lysates of 3T3 cells. The 3T3 cells originated from mixed populations that had been either transfected
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with plasmids expressing hCD147 or p65-DsRed, or treated with plain transfection reagents. 0.1x TM buffer
was used to estimate the limit of detection (dashed blue line). Error bars show the Poisson error of individual
measurements originating from ddPCR. (C) Single-cell lysate matrix does not increase background signal. Two
GFP-free solutions were taken through the digital PLA workflow to assess effect of buffer matrix on digital PLA
signal, namely phosphate-buffered saline (PBS) or lysate of GFP-negative macrophages diluted to 1-cell
equivalent in PBS (Cell lysate). Error bars, combined error from both Poisson noise and technical error from
replicates (n=6). (D) GFP calibration curve used to calibrate single cell measurements. Signal deriving from
protein standards (red), single cells (black), 10 cells (purple), and 100 cells (blue), are shown. All samples lie in
the linear range of the assay. (E) CD147 calibration curve used to calibrate measurements of ‘03. Dec.’. Shown
are protein standards (red), and single cells (black). 100 cell populations (not shown) lie outside the calibrated
range around 23,000/µl – 50,000/µl. In both calibration curves, the error bars of single cell measurements
originate from ddPCR error only. The error bars of protein standards consist of combined ddPCR and technical
error from three replicates.
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Supplemental Figure S2.4, associated with Figure 2.4. Optimization of CD147 mRNA quantification. Total RNA
was bulk-purified from HEK293T cell lysates, and permutations of RT-PCR protocols (1-step vs. 2-step), primers
and hydrolysis probes (Probes 1-3), and PCR cycle numbers (25 vs. 40) were tested. (A) CD147 mRNA in
different dilutions of bulk HEK lysate (in units of cell equivalents) was quantified using the combination of a
two-step (reverse transcription followed by ddPCR, RT-ddPCR) protocol, Probe 2, and 40 amplification cycles in
ddPCR. Error bars show ddPCR error of individual measurements (B) Slopes of the CD147 mRNA dilution curves
(such as those in A) are equal to the number of CD147 mRNAs per cell equivalent. Probe 3 (i.e. customdesigned primers and probe targeting the CD147 mRNA) failed to yield any ddPCR signal, and was thus omitted
from the plot. Error bars, standard error of the slope from the standard linear regression fit. (C) Onedimensional (1D) droplet fluorescence plot for the optimal workflow for CD147 mRNA quantification (i.e. 2step, 40 cycle, Probe 2 combination). Horizontal magenta line (Fluorescence = 3200) indicates the threshold
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that separates ddPCR droplets with CD147 amplicon from those without. (D) 1D droplet fluorescence plots
from tested permutations of RT-PCR protocols, primers and hydrolysis probes and PCR cycle numbers.
Horizontal magenta lines indicate the fluorescence threshold values that separate ddPCR droplets with
amplicon from those without. Droplets on the right-hand side of the bottom right plot were shown in (c).
Evaluation of different standard Lysis Buffer (LB) dilutions for (E) ddPCR compatibility and (F) adequate lysis.
(E) 1 or 100 HEK293T cells were sorted into indicated dilutions of the standard LB, and the number of analyzed
droplets (out of 20,000 total) after RT-ddPCR (i.e. the 2-step protocol) are plotted. Error bars, standard
deviation from technical replicates (n=4). (F) 100 HEK293T cells were sorted into indicated LB dilutions, and the
digital PLA signal was measured. Error bars, combined error from both Poisson noise and technical error from
replicates (n=4). (G) Evaluation of different lysis buffer formulations for two-step RT-ddPCR compatibility. Total
RNA was bulk-extracted from HEK293T cells, diluted in the indicated buffers (i.e. 0.1X NP-40 lysis buffer, 0.1X
TM lysis buffer, 0.2 to 0.4X standard lysis buffer) or RNAse-free water, and the CD147 mRNA quantified using
the two-step RT-ddPCR protocol. Error bars, combined error from both Poisson noise and technical error from
replicates (n=3 for different lysis buffers, n=6 for RNAse-free water). (H) FACS sorting and lysis buffer
components in 0.1X TM buffer do not interfere with CD147 mRNA quantification using the two-step RT-ddPCR
protocol. 100 cells were sorted by FACS into 0.1X TM lysis buffer, and the CD147 mRNA was quantified using
the 2-step RT-ddPCR protocol. This measurement is compared to CD147 mRNA quantified from bulk-lysed
HEK293T cells. Error bars, combined error from both Poisson noise and technical error from replicates (n=4).
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Supplemental Figure S2.5, associated with Figure 2.4. Characterization of joint digital PLA RT-ddPCR workflow.
(A) CD147 calibration curves in 0.1X TM lysis buffer matrix. Pure CD147 protein was serially diluted in 0.1X TM
lysis buffer, and the various dilutions were measured by digital PLA on five different days. Error bars, combined
error from both Poisson noise and technical error from replicates (n=6 for 0.1X TM buffer background, n=3 for
nonzero CD147 dilutions). The merged calibration curve (red) was constructed by combining all available data
(n=30 for 0.1X TM buffer background, n=15 for nonzero CD147 dilutions). (B) Head-to-head comparison of
merged calibration curves in two different buffer matrices. The merged calibration curve for lysate dilution
buffer is also shown in Figure S1G. The merged curve for 0.1x TM buffer is also shown in Figure S4A. Error bars
are consist of Poisson error and technical error from replicates (n=24-30 for buffer background, and n=12-15
for nonzero CD147 dilutions). (C) RT-ddPCR calibration curve made using in-vitro transcribed CD147 mRNA.
Absorbance intensity (=260nm) was used to predict the RNA concentration, which was compared to RTddPCR measurements. Error bars originate from ddPCR error of individual measurements. Solid line indicates
linear regression with formula: y=0.876x, R2=0.988. (D) Comparison of CD147 digital PLA signal originating
from two equally split fractions of HEK 293T single cell lysate. The black curve indicates perfect agreement
between both half-lysates. Red curves indicate the 95% confidence interval of ddPCR measurement error, as
described by Dube and colleagues214. Error bars indicate ddPCR error of individual measurements.
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Supplemental Table S2.1: Experimental parameters of the filter cascade. Entries denote
mean posterior estimates and their standard deviations
Exp
01. Dec.
03. Dec.
04. Nov.
10. Nov.
23. Oct.

1.536e-03
1.617e-03
1.235e-03
1.365e-03
2.034e-03

𝐶𝑇 (1/𝑠)
(6.380e-04)
(7.427e-04)
(5.485e-04)
(6.383e-04)
(9.816e-04)

𝐶4 (1/𝑠)
9.367e-06
(3.860e-06)
9.254e-06
(4.105e-06)
9.535e-06
(4.141e-06)
9.780e-06
(4.043e-06)
9.362e-06
(4.229e-06)

𝐶5 (1/𝑠)
8.150e-03
(3.523e-03)
8.897e-03
(4.157e-03)
4.508e-03
(2.015e-03)
4.530e-03
(1.967e-03)
3.154e-03
(1.511e-03)

𝐶6 (1/𝑠)
6.066e-06
(2.598e-06)
5.913e-06
(2.622e-06)
5.534e-06
(2.414e-06)
6.156e-06
(2.554e-06)
5.885e-06
(2.542e-06)

𝑍
8.989e-02
2.011e-01
1.175e-01
1.979e-01
2.185e-01

(4.633e-02)
(7.372e-02)
(4.340e-02)
(1.089e-02)
(1.743e-02)

6.1.2 Supplemental Experimental Procedures
Reagents
All of the reagents were purchased from Sigma (St. Louis, MO) unless indicated otherwise.
Low-adsorption 8-well PCR strips (Catalog No. AB-0266) and 1.5 ml microfuge tubes (Catalog
No. AM12450) were purchased from Thermo Fisher Scientific and Ambion, respectively;
these low-adsorption containers were used for all of the experiments. Proximity ligation
assay (i.e. TaqMan protein assay) and droplet digital PCR reagents and supplies were
purchased from Life Technologies and Bio-Rad, respectively.
Pure murine intracellular adhesion molecule-1 (ICAM-1, Catalog No. 796-IC), biotinylated
anti-murine ICAM-1 polyclonal goat antibody (Catalog No. BAF796), human cluster of
differentiation 147 (CD147, Catalog No. 972-EMN), and biotinylated anti-human CD147
polyclonal goat antibody (Catalog No. BAF972) were purchased from R&D Systems. Pure
green fluorescent protein (GFP, Catalog No. AB84191) and biotinylated anti-GFP polyclonal
goat antibody (Catalog No. AB6658) were purchased from Abcam. Total Protein Extraction
Kit, which contains the TM buffer and a 50X protease inhibitor, was purchased from
Biochain.
AmpliTaq Gold® 360 Master Mix (Catalog No. 4398901), MEGAscript® T7 Transcription Kit
(Catalog No. AM1333M), were purchased from ThermoFisher Scientific. DNA clean and
concentrator kit 5 (Catalog No. D4003) was bought from Zymo Research. Custom DNA
oligomers were ordered from Microsynth (Switzerland).
Lipofectamine® 3000 Transfection Reagents were obtained from ThermoFisher Scientific
(Catalog No. L3000-001). A plasmid expressing hCD147 isoform 2 under the control of the
hEF1-HTLV promotor (pUNO1-hCD147b) was ordered from InvivoGen.
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Lysis solution preparation
Full-strength (1X) standard lysis buffer (LB) used to lyse murine RAW 264.7 macrophages 215
was prepared by combining 100 parts of 2X Cell Lysis Reagent (Life Technologies) with 1 part
Protease Inhibitor Cocktail I (Merck Millipore) and 1 part Phosphatase Inhibitor Cocktail II
(Merck Millipore), and further diluting this mixture 1:1 with Cell Resuspension Buffer (CRB,
Life Technologies).
Three different lysis solutions were tested for CD147 mRNA and protein quantification from
HEK293T cells, namely the standard lysis buffer (LB), the NP-40 Cell Lysis Buffer (Invitrogen),
and the TM lysis buffer. Different dilutions of the standard LB (0.2 to 1X, in 0.2X increments)
were formulated by appropriately reducing the amount of 2X Cell Lysis Reagent; Lysate
Dilution Buffer (Applied Biosystems) was added to complete the volume. Concentrations of
protease and phosphatase inhibitors were not changed in dilute LB formulations. 0.1X NP40 lysis buffer contains 1 mM phenylmethylsulfonyl fluoride (PMSF, PanReac AppliChem),
Protease Inhibitor Cocktail I (at the same concentration as in standard LB), 10-fold diluted
NP40 Cell Lysis Buffer, and CRB. 0.1X TM lysis buffer contains 10-fold diluted TM Buffer
(Biochain), protease inhibitor cocktail (Biochain), and CRB. CRB was added to the NP-40 and
TM buffers to complete the volume. Finally, all lysis buffers were supplemented with a
ribonuclease inhibitor (RNAseOUT, Invitrogen) to prevent RNA degradation.
Cell culture
Murine GFP-p65 RAW 264.7 macrophages were transfected with the Addgene plasmid
20972216 to insert the Histone cluster 1-mCherry fusion protein coding sequence. The
transfected cells were grown for a week; single cells from this culture were sorted; and a
clone with normal growth, morphology and stable mCherry expression was selected. Murine
RAW 264.7 macrophages with stable genomic dsRed integration were used as negative
control during fluorescence-activated sorting of the dual-fluorescent strain. These cells,
henceforth referred to as “GFP-negative macrophages”, were created by transfecting
murine RAW 264.7 macrophages with the p65-dsRed plasmid217 as explained above.
Both macrophage cell lines were cultured in Dulbecco’s Modified Eagle’s Medium (DMEM,
Catalog No. D6429) supplemented with 8.8% v/v fetal bovine serum (FBS, Catalog No.
F9665), 0.88X GlutaMAXTM (Life Technologies, Catalog No. 35050-038) and 17.7 mM HEPES
(Life Technologies). They were grown in disposable polystyrene flasks with filter caps
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(Greiner Bio-One), incubated in a humidified incubator at 37°C with 5% carbon dioxide, and
passaged every 2-3 days to a final density of 105 cells per ml. Macrophage cultures used for
single-cell protein quantification did not exceed 15 passages.
Tlr4-GFP human embryonic kidney (HEK293T) cells218 were a kind gift from Prof. Kensuke
Miyake. These cells were cultured in high-glucose DMEM (Gibco, Catalog No. 41965-039)
supplemented with 10% v/v fetal calf serum (FCS, Gibco, Catalog No. 26010-066), 100 U/ml
penicillin G, and 100 µg/ml streptomycin sulfate (Gibco, Catalog No. 15070063). They were
grown and incubated as detailed above, and passaged every 3-4 days to a final density of
105 cells per ml. HEK293T cultures used for single-cell protein quantification did not exceed
30 passages.
The used mouse 3T3 cell line expressing p65-DsRed and H2B-GFP were described
previously10,219, and were cultured in the same high-glucose DMEM as the HEK293T cells,
supplemented with 10% fetal bovine serum (FBS, Sigma Aldrich, Catalog No. F9665), 1x
GlutaMAXTM Supplement (ThermoFisher Scientific, Catalog No., 35050-038), and 100U/ml
penicillin-streptomycin (ThermoFisher Scientific, Catalog No., 15140-122). The cells were
passaged every 2-3 days when they reached ~90% confluency.
Fluorescence-activated sorting of mammalian cells
After culturing RAW 264.7 macrophages with two fluorescent reporters as explained, they
were dislodged with Versene, washed twice in PBS, and resuspended in 2 ml PBS
supplemented with 0.2% w/v bovine serum albumin (BSA) and 5 mM
ethylenediaminetetraacetic acid (EDTA). The cell suspension was filtered and DRAQ7
nuclear dye (BioStatus, Catalog No. DR71000) was added (at a final concentration of 600
nM) to the cell suspension to stain dead cells before sorting.
Single, ten or hundred dual-fluorescent viable macrophages were sorted into wells
containing 2 µl lysis solution using a MoFlo XDP sorter (Beckman-Coulter). Several
precautions were taken to ensure that the sorted cells would make direct contact with 2 µl
of fluid in the well bottom. The 96-well plate containing 2 µl of lysis solution per well was
placed on top of a deep-well 96-well plate to reduce the distance between the nozzle and
the lysis solution. The angle with which the sorted stream is diverted from the vertical was
also minimized to reduce the chance of sorted cells hitting the walls rather than the bottom
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of the well. The sheath fluid was flowed at 60 psi, and a 70 µm nozzle was used. Two lasers
(488 nm blue and 561 nm yellow-green) along with 529/28, 613/20 and 785/60 nm
bandpass filters were used to create three nested gates (forward/side scatter,
DRAQ7/forward scatter, GFP/mCherry), identify dual-fluorescent macrophages, and
separate them from the ones without GFP-p65 (Figure S2B). Flow cytometry data were
analyzed using Summit Software (Beckman Coulter). Immediately after sorting, the 96-well
plates were briefly centrifuged, sealed with clear adhesive sheets, covered with Parafilm,
and stored at -80°C.
A similar protocol was followed for sorting 1 to 100 HEK293T cells in 2 or 3 µl lysis solutions.
HEK293T cells were dislodged from the culture flask using Accutase instead of Versene. The
lysis buffer volume in each well was increased from 2 to 3 µl when both CD147 mRNA and
protein were to be quantified from sorted cells. The same lasers and filters were used to
create four nested gates (side scatter-height/forward scatter-height, side scatterheight/side scatter-width, forward scatter-height/forward scatter-width, DRAQ7/GFP) for
sorting.
Bulk protein lysate preparation
To prepare the “cell lysate” sample for the background comparison experiment (Figure S3C),
GFP-negative macrophages were first pelleted and washed 3 times in PBS. After the final
wash and centrifugation, the cells were resuspended in 1 ml of CRB and counted using a
Neubauer-improved hemocytometer (Marienfeld Superior). This cell suspension was diluted
1:1 with a lysis mixture that consisted of 100 parts 2X Cell Lysis Reagent, 1 part Protease
Inhibitor Cocktail I, and 1 part Phosphatase Inhibitor Cocktail II. The resultant solution was
incubated on ice for 10 minutes. (Complete lysis was confirmed by diluting the lysate in
trypan blue and observing only blue-stained nuclei in the hemocytometer, data not shown.)
The lysate was then diluted to 1-cell equivalent in PBS.
To create bulk lysate of 3T3, and HEK 293T cells, the cell pellets were resuspended in fresh
medium after passaging. The concentrations of the suspension was determined with a
hemocytometer, and a known amount of cells was centrifuged at 250xg for 3min. After the
medium had been removed, the pellet was resuspended in 0.1x TM buffer (identical
formulation as for single cell measurements), thoroughly resuspended and frozen at -20°C.
Before PLA the lysate was diluted to 50 cell equivalents per µl using 0.1x TM buffer.
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Transfection of 3T3 cells
3T3 cells were seeded in a 24 Well plate (Nunclon, Catalog No. 142475) at a density of
40’000 cells per well, in regular culture medium. Afterwards, the cells were rested for at
least 4h before starting the transfection procedure. Lipofectamine 3000 was used for the
transfection of plasmids using the following protocol: For each transfected well 25µl of
Optim-MEM I reduced serum medium (ThermoFisher Scientific, Catalog No. 31985-062)
were mixed well with 1.5µl of Lipofectamine 3000 reagent. In parallel, 25µl of Opti-MEM
were combined with 1µg of plasmid DNA and 2µl of the P3000 reagent. Thereafter, both
solutions were incubated for 5min at room temperature, and then added carefully to the
attached cells. As negative controls, plain transfection reagents without plasmid, and plain
culture medium were used. The cells were harvested and lysed, using 0.1x TM buffer, 2.5
days after transfection
Bulk RNA extraction
After culturing HEK293T cells as explained, they were dislodged with Versene, sedimented
at 300 g for 5 min, resuspended in 5 ml medium, and counted using a hemocytometer. Total
RNA from 100,000 viable cells was extracted using the RNeasy Mini Kit (Qiagen, Catalog No.
74104) as per manufacturer’s protocol.
Optimization of CD147 mRNA quantification
Three different combinations of end primers and probe were tested with two different RTPCR protocols (1-step vs. 2-step protocol). Two of the three primer-probe combinations
were purchased from Applied Biosystems (CD147 TaqMan Gene Expression Assays). Assays
with catalog numbers Hs00936295_m1 and Hs00174305_m1 were designated Probe 1 and
Probe 2, respectively; 6-carboxyfluorescein (FAM) and a minor groove binder (MGB)
molecule are conjugated to the probes. The third combination (i.e. Probe 3) was customdesigned to target CD147 mRNA sequence; the sequences are as follows: forward primer:
5’- GAG TTC AAG GTG GAC TCC GAC G -3’, reverse primer: 5’- GAT GTG TTC TGA CGA CTT
CAC AGC C -3’, probe: 5’- HEX-CAC GGC CAA CAT CCA GCT CCA CGG GC -BHQ-1 –3’. The 5’
and 3’ modifications indicated in the probe sequence are 6-carboxy-2',4,4',5',7,7'hexachlorofluorescein (HEX) and Black Hole Quencher-1 (BHQ-1), respectively.
For the 1-step protocol, 6 µl of RNA sample was added to a 20 µl solution containing 1X onestep RT-ddPCR supermix (Bio-Rad, diluted from a 2X stock), 1 mM manganese acetate, 900
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nM of each of the end primers, and 250 nM of the hydrolysis probe. The mixture was
emulsified as explained previously, and the emulsions were placed in a thermal cycler. The
temperature schedule for RT-ddPCR was: 1X, 60°C for 30 min (for reverse transcription); 1X,
95°C for 5 min; 25 or 40X, 94°C for 30 s followed by 60°C for 1 min; 1X, 98°C for 10 min; and
the ramp speed was 2.5°C/s. For the 2-step protocol, where reverse transcription (RT) is
followed by ddPCR of the resultant cDNA, we used the GoScript Reverse Transcription
System (Promega) and the standard ddPCR reagents, respectively. First, 1 µl of RNA sample
was mixed with 1 µl of random primer solution, and 2.95 µl of nuclease-free water were
added to bring the volume to 4.95 µl. This mixture was incubated at 70°C for 5 min, and
then immediately chilled on ice for 5 min. After, it was supplemented with 1X GoScript
reaction buffer, GoScript reverse transcriptase (diluted 20-fold from the stock solution), 1
U/µl ribonuclease inhibitor, 0.5 mM of each dNTP, and 3.1 mM magnesium chloride. The 9µl RT solution was first incubated at 25°C for 5 min (for primer annealing), then at 42°C for 1
h (for reverse transcription), and finally at 70°C for 15 min (for reverse transcriptase
inactivation). The resultant cDNA solution was then combined with 10 µl of 2X ddPCR
Supermix for Probes (Bio-Rad), 900 nM of each of the end primers, and 250 nM of the
hydrolysis probe; the final volume was 20 µl. This mixture was emulsified and the emulsions
were placed in a thermal cycler. The temperature schedule was: 1X, 95°C for 10 min; 25 or
40X, 94°C for 30 s followed by 60°C for 1 min; 1X, 98°C for 10 min; and the ramp speed was
2.5°C/s. Fluorescence from the emulsion droplets was quantified using the QuantaSoft
software as explained above. Different dilutions of the bulk-extracted total RNA were
subjected to different permutations of primer-probe, RT-PCR protocols, and PCR
amplification cycles. A calibration curve was constructed for each combination; and the
number of mRNAs per cell equivalent was calculated from the slope of the calibration curve
by linear regression. Standard error propagation was conducted to determine the error of
the slope (Figures S4A-D).
We next tried CD147 mRNA quantification from FACS-sorted HEK293T cells using the
optimal two-step protocol (RT-ddPCR). When 100 cells were sorted into full-strength (1X)
digital PLA lysis buffer, ddPCR droplets were not properly formed. We hypothesized that the
lysis buffer components interfered with droplet formation and tested different dilutions (0.2
to 1X) of the lysis buffer for RT-ddPCR compatibility and adequate lysis of 100 cells. 0.6X
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lysis buffer did not inhibit droplet formation (Figure S4E) while providing enough buffer
strength to lyse 100 cells (Figure S4F); however, no CD147 mRNA was detected from 100
cells lysed in 0.6X buffer. Standard lysis buffer inhibited RT even at 0.6X strength; additional
lysis buffers were thus evaluated for RT-ddPCR compatibility. All buffers except 0.1X TM
buffer inhibited RT-ddPCR; only bulk RNA diluted in 0.1X TM buffer and RNAse-free water
yielded high CD147 mRNA counts (Figure S4G). Digital PLA was also more sensitive in the
new buffer matrix (1/slope = 70 proteins per count); assay LOD for CD147 was reduced from
200 to 86 proteins per µl ddPCR solution (16.2 fM in the sample solution, Table 1 and Figure
S5A-B). When 100 cells were sorted by FACS into 0.1X TM lysis buffer, digital PCR analysis
yielded CD147 mRNA numbers comparable to those obtained from bulk-purified total RNA
(Figure S4H).
Production of full length CD147 mRNA
Total mRNA extracted from HEK293T cells was reverse transcribed using the GoScript
Reverse transcription system, using the protocol outlined above.
Two PCR primers spanning a 1.5kbp fraction of the target CD147 mRNA isoform (Genebank:
NM_198589.2) were designed, and a T7 promotor sequence (TAATACGACTCACTATAGG)
was placed at the 5’ end of the forward primer: CD147.full.rev: GGC GAT CTT TAT TGT GGC
GG, CD147.full.fwd+T7: TAA TAC GAC TCA CTA TAG GGA GAG TAC ATG CGA GCG TGT GCG T.
A 25 µl reaction comprising of 1x AmpliTaq Gold® 360 Master Mix, the two primers at an
end concentration of 0.5 µM each, 2.5 µl 360 GC enhancer, less than 1 µg of the purified
total cDNA, and nuclease free water, was used to PCR amplify the CD147 cDNA and
simultaneously integrate the T7 promotor at the 5’ end of the transcript. The used
temperature program was 95 °C for 10min, followed by 30 cycles of 95 °C and 60 °C 130 sec,
and a final incubation at 72 °C for 7 min.
Subsequently, the PCR product was purified using the DNA clean & concentrator 5 kit, and
the identity of the sequence was confirmed using agarose gel electrophoresis (1% in TAE
buffer) and Sanger sequencing (Microsynth, Switzerland). Afterwards, the Ambion
MEGAscript® Kit was used for run-off transcription of the CD147 mRNA standard.
Particularly, 1µg of DNA template was mixed with 2µl of ATP, UTP, CTP and GTP solution, 1x
reaction buffer, 2 µl Enzyme mix in a total volume of 20 µl, adjusted with nuclease free
water. This mixture was then incubated at 37°C for 4 h. Afterwards 1 µl of TURBO DNase
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was added to the solution, which was then well mixed and incubated another 15 min at
37°C. The produced RNA was purified using the Qiagen RNeasy Mini Kit, and eluted into
nuclease free water. The RNA concentration of the eluate was determined using absorbance
measurements at a wavelength of 260 nm, using a Nanodrop 2000c Spectrophotometer
(Thermo Scientific). Finally, the RNA was snap frozen in liquid nitrogen and stored at -80°C
until it was analyzed using the optimized RT-ddPCR protocol outlined above.
Fitting of probability density functions (pdf)
Protein and RNA data were analyzed using R (v3.1.0)220. The function fitdist221 was used to
fit lognormal, gamma and Poisson pdfs to the empirical RNA distributions. Additionally, fits
of the protein data were prepared using the fitdistcens function. Cells with copy numbers
below the LOD were discarded. Additionally mRNA values above 600 and protein values
above 600,000 were considered outliers, and not used for the fitting and derivation of
mean/sd values. Goodness of fit was evaluated using a 2 test comparing the predicted and
measured number of cells in each bin of the plotted histograms. Shape and rate parameters
were used to calculate mean and standard deviations of the fitted gamma distributions.
Derivation of gene burst rate and burst size from the parameters of a gamma distribution
Analytical mRNA distributions from a two-state model of gene expression have previously
been derived; the mRNA abundances fit a gamma distribution function, if the gene is mostly
in the “off” state, and the expression bursts are shorter than the mRNA lifetime 34,35. In this
case, the shape parameter of the gamma distribution (α) corresponds to the ratio of the
activation rate over the mRNA degradation rate (c1/c4), while the rate parameter (β)
corresponds to the ratio of the gene inactivation rate to the transcription rate (c2/c3, i.e. the
reciprocal of the burst size, that is, the average number of molecules produced in one
activation):
𝑐1

𝑐 𝑐
(𝑐2 ) 4 𝑐1
𝑐
𝛽𝛼
( −1) − 2 𝑚
𝑃(𝑚) = 3𝑐 𝑚 𝑐4 𝑒 𝑐3 =
𝑚𝛼−1 𝑒 −𝛽𝑚 = 𝐺𝑎𝑚𝑚𝑎(𝛼, 𝛽)
1
𝛤(𝛼)
𝛤 (𝑐 )
4
, where m stands for the mRNA copy number and Γ for the gamma function. Since the
CD147 mRNA half-life is known36, we can infer the mRNA degradation rate (c4) and calculate
the gene activation rate (c1) by multiplying it with the rate parameter ().The mean mRNA
numbers can be calculated by dividing the shape by the rate parameter of the gamma pdf.
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Moment-based modeling of CD147 expression
We model CD147 transcription and translation through the reaction network
𝑐1

𝐺0 → 𝐺1
𝑐2

𝐺1 → 𝐺0
𝑐3

𝐺1 → 𝐺1 + 𝑀
𝑐4

𝑀→∅
𝑐5

𝑀→𝑀 +𝑃
𝑐6

𝑃→∅
with 𝐺0 and 𝐺1 as the inactive and active gene, 𝑀 as mRNA, 𝑃 as protein and 𝑐1 , … , 𝑐6 as
stochastic rate constants associated with the respective reactions. In the following we will
denote by 𝑋(𝑡) = (|𝐺0 |, |𝐺1 |, |𝑀|, |𝑃|) ≡ (𝑋1 (𝑡), … , 𝑋4 (𝑡)) ∈ 𝒳 the molecular state of the
network at time t. Assuming that the reaction volume is well-mixed, the dynamics of such a
reaction network can be described through a continuous-time Markov chain (CTMC) 𝑋 with
propensities ℎ𝑘 (𝑥, 𝑐𝑘 )  =  c𝑘 𝑔𝑘 (𝑥) for 𝑘 = 1, … ,6where 𝑔𝑘 is a polynomial in the state
𝑥determined by the law of mass-action. With all rate constants known, the probability
distribution over 𝑋(𝑡) = 𝑥satisfies a chemical master equation (CME) of the form
𝑃̇(𝑥, 𝑡) =  ∑6𝑘=1 ℎ𝑘 (𝑥 − 𝑘 , 𝑐𝑘 )𝑃(𝑥 −  𝑘 , 𝑡) − ℎ𝑘 (𝑥, 𝑐𝑘 )𝑃(𝑥, 𝑡)
(1)
with 𝑘 as the stoichiometric change vector associated with reaction 𝑘(i.e., the net change
in 𝑥 when reaction 𝑘 fires). However, in many practical scenario, such equations agree only
poorly with what is measured experi-mentally due to environmental - or extrinsic
variability222. Here we assume that the majority of such variability is due to differences in
the ribosomal abundance from one cell to the next223. More technically, we assume that the
propensity function h5 depends on an environmental random variable 𝑍~𝑝(𝑧) i.e.,
ℎ5 (𝑥, 𝑐5 , 𝑍) =  𝑐5 𝑍𝑔5 (𝑥). For convenience, we assume that 𝔼[Z] = 1 and 𝑉𝑎𝑟[𝑍] = 2𝑍 .
Each cell's dynamics can the be described by a conditional CME
𝑃̇(𝑥1 , 𝑥2 , 𝑥3 , 𝑥4 , 𝑡|𝑍 = 𝑧) = 𝑐1 𝑃(𝑥1 + 1, 𝑥2 − 1, 𝑥3 , 𝑥4 , 𝑡|𝑍 = 𝑧)
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+𝑐2 𝑃(𝑥1 − 1, 𝑥2 + 1, 𝑥3 , 𝑥4 , 𝑡|𝑍 = 𝑧)
+𝑐3 𝑃(𝑥1 , 𝑥2 , 𝑥3 − 1, 𝑥4 , 𝑡|𝑍 = 𝑧)
+𝑐4 (𝑥3 + 1)𝑃(𝑥1 , 𝑥2 , 𝑥3 + 1, 𝑥4 , 𝑡|𝑍 = 𝑧)

(2)

+𝑐5 𝑧𝑥3 𝑃(𝑥1 , 𝑥2 , 𝑥3 , 𝑥4 − 1, 𝑡|𝑍 = 𝑧)
+𝑐6 (𝑥4 + 1)𝑃(𝑥1 , 𝑥2 , 𝑥3 , 𝑥4 + 1, 𝑡|𝑍 = 𝑧)
−(𝑐2 + 𝑐2 + 𝑐3 + 𝑐4 𝑥3 + 𝑐5 𝑧𝑥3 + 𝑐6 𝑥4 )𝑃(𝑥1 , 𝑥2 , 𝑥3 , 𝑥4 , 𝑡|𝑍 =
𝑧).
Assuming a negligible degree of technical noise, our single-cell measurements can be
assume to be 𝑁 independent samples from the stationary mRNA- and protein distribution of
the an ensemble of differently parameterized CTMCs 𝑋|(𝑍 =  𝑧 𝑚 ) for 𝑚 = 1, … , 𝑁.
Therefore, in order to achieve compatibility with the data one needs to integrate (2) with
respect to the extrinsic factors 𝑍 and solve for 𝑃(𝑥3 , 𝑥4 , 𝑡) =
∫ ∑𝑥 𝑃(𝑥1 , 𝑥2 , 𝑥3 , 𝑥4 , 𝑡|𝑍 = 𝑧)𝑝(𝑧)𝑑𝑧 for large𝑡. However, this turns out to be infeasible for
most systems of realistic size. We therefore apply a moment-based description of the model
in which the dependency on extrinsic factors can be marginalized analytically176 and
furthermore, only a few moments (e.g., mean and variance of 𝑋 need to be considered (as
opposed to whole probability distributions). With 𝑓(𝑥, 𝑧): ℝ5 ↦ ℝ as a polynomial in 𝑥 and
𝑧 the moments of the gene expression network are defined as
𝔼[f(x, z)] =  ∫ ∑ 𝑓(𝑥, 𝑧)𝑃(𝑥, 𝑡|𝑍 = 𝑧)𝑝(𝑧)𝑑𝑧
𝑥∈𝒳

and their temporal dynamics are obtained through differentiation, i.e.,


𝑑
𝑑
∫ ∑ 𝑓(𝑥, 𝑧)𝑃(𝑥, 𝑡|𝑍 = 𝑧)𝑝(𝑧)𝑑𝑧 = ∫ ∑ 𝑓(𝑥, 𝑧) 𝑃(𝑥, 𝑡|𝑍 = 𝑧)𝑝(𝑧)𝑑𝑧
𝑑𝑡
𝑑𝑡
𝑥∈𝒳

𝑥∈𝒳

(3)
6

=  ∫ ∑ 𝑓(𝑥, 𝑧)(∑ ℎ𝑘 (𝑥 − 𝑘 , 𝑐𝑘 )𝑃(𝑥 −  𝑘 , 𝑡|𝑍 = 𝑧) − ℎ𝑘 (𝑥, 𝑐𝑘 )𝑃(𝑥, 𝑡|𝑍
𝑥∈𝒳

𝑘=1

= 𝑧)) 𝑝(𝑧)𝑑𝑧.
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In this work we consider moments of mRNA and protein up to order two, i.e., 𝔼[M(t)],
𝔼[M 2 (t)], 𝔼[P(t)], 𝔼[P 2 (t)] and 𝔼[M(t)P(t)]. However, those moments will implicitly
depend on moments and cross moments of the other species 𝐺0 , 𝐺1 and the extrinsic
variable 𝑍. In general this can cause the resulting dynamics to be non-closed, meaning that
the 𝑘-th order moment depends on the (𝑘 + 1)-th order moment and so forth. However,
due to the linearity of the gene expression network, the moment dynamics can be shown to
close at order four such that the desired moments can be computed without resorting to
approximations. For the considered network we derived the exact moment equations using
Matlab’s symbolic toolbox and subsequently solved for their steady-state solution. The
resulting expressions for the mRNA and protein moments are functions of the rate
constants as well as the extrinsic noise strength 2𝑍 . Note that explicit expressions are not
provided for the sake of compactness.
Inference
The resulting moment equations can be readily used to infer the model parameters 𝑐1 , … , 𝑐6
and 2𝑍 . More speciﬁcally, one aims to ﬁnd a set of parameters such that the analytical
moments agree best with the empirical moments. The latter are computed as Monte Carlo
(𝑖) (𝑖)
averages using 𝑁 independent data points (𝑀(𝑖) , 𝑃(𝑖) ), e.g., 𝑁 −1 ∑𝑁
in case of
𝑖=1 𝑀 , 𝑃

the correlation between mRNA and protein. Here we employ the approach from176, where –
based on the central limit theorem – the empirical moments are assumed to be normally
distributed around the true value with some standard deviation, which we estimated using
bootstrapping. We furthermore incorporated prior knowledge in terms of mRNA and
protein half-lives that have been reported earlier36. In particular, we assumed Gamma-priors
for both 𝑐4 and 𝑐6 with mean 9.18e - 6s-1 and 5.75e - 6s-1, respectively and a coefficient of
variation of 0.447. All other priors were chosen to be practically non-informative (i.e.,
gamma distributions with parameters α = 0.01 and β = 0.01). In conjunction with a
standard Metropolis-Hastings Markov Chain Monte Carlo scheme, the moment-based
modeling approach allowed us to infer posterior distributions over the unknown
parameters. We remark that one cannot absolutely quantify the gene switching rates 𝑐1 and
𝑐2 from only steady state measurements. We therefore reparameterized the model in terms
of the eﬀective rate of transcription177, summarizing promoter switching and transcription
into a single parameters, i.e., 𝑐𝑇 = 𝑐3 𝑐1 /(𝑐1 + 𝑐2 ). The whole inference procedure was
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repeated ﬁve times, each time returning equivalent results (up to sampling variance). The
resulting parameter estimates can be found in Table S.1.
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6.2 Chapter 3
6.2.1 Supplemental Figures

Supplemental Figure S3.1. DNase I digestion of PLA probes
(A) Full SDS PAGE gel of first generation PLA probe pairs A and B, and an unconjugated antibody (IgG). Probes
were either not modified (0), DNase I digested (DNase), DTT treated (DTT), or protein G bead purified (B)
before analysis. Red rectangles indicate the area where PLA bands are expected.
(B) Magnified IgG band, and bands corresponding to PLA probes carrying one or more oligomers.
(C) Densiometric lane profile of the bands shown in (B).
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Supplemental Figure S3.2: Functional PLA probes
(A-D) Crash cleaned probes produce high signal to noise ratios even at high probe concentrations. Purified
probes were tested at concentration of 5nM (A), and 10nM (B), and were used to analyse pure lysis buffer
(red), or HEK293T lysate with a strength of 100 Ceq/rxn (blue)

Supplemental Figure S3.3: Optimisation of PLA storage, and assay conditions
(A) First generation CD147 PLA probes were used to generate calibration curves. Probes were either stored 7
days in 50% glycerol at -20°C (red), or at 4°C in PBS + 1 mg/mL BSA (blue). Solid lines indicate linear regression:
-20°C: y = 0.00214x + 208, R2 = 0.87; 4°C: y= 0.000688x + 150,
R2 = 0.6. The slopes of the regression lines correspond to sensitivities of 1 in 467 proteins, and 1 in 1453
proteins.
(B) CD147 probe was used to analyse pure lysis buffer (red), or HEK293T lysate (80 Ceq / reaction, blue), at
different concentrations of connector oligo.
All error bars correspond to Poisson error caused by ddPCR.
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Supplemental Figure S3.4: ddPCR primer crosstalk
Purified PLA products containing AB IDs 3 or 5 on probe A or B were detected using EvaGreen ddPCR. The used
forward and reverse primers were specifically designed to only detect AB IDs 3 or 5. The used primer
combinations were 5-5 (black), 3-5 (blue), 3-3 (red), 5-3 (green). The signal of each PLA product/primer
combination were normalised relative to the highest measured signal. Strong unspecific signals were detected
between some primer/product combinations (e.g. product 5-5 produces a strong signal with primer pair 5-3,
which is 25% of the signal from the specific primer pair 5-5)
All error bars correspond to Poisson error caused by ddPCR.

Supplemental Figure S3.4: Phred quality scores of PLA products
Shown is the average Read 1 Phred quality score (Q) of 1000 sequenced PLA products (no staggering primers
were used). The PLA architecture is indicated on the bottom. The blue areas indicate regions of the read where
the diversity is high, while white areas indicate constant regions. The constant regions strongly affect the
sequencing quality, and even affect the quality of bases in the neighbouring more diverse regions
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6.2.2 Supplemental Tables
Name

Sequence (5' - 3')

PLASeq.2.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGCTCTCTATGATCGCTAAATCGTG

PLASeq.3.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGAGATCTATGATCGCTAAATCGTG

PLASeq.4.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGTCTTCTATGATCGCTAAATCGTG

PLASeq.5.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGGAGTCTATGATCGCTAAATCGTG

PLASeq.6.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGATCGATATGATCGCTAAATCGTG

PLASeq.7.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGTTCCTTATGATCGCTAAATCGTG

PLASeq.8.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGGTCAGTATGATCGCTAAATCGTG

PLASeq.9.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGATCTCGTTGATCGCTAAATCGTG

PLASeq.10.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGTTCTCCGTGATCGCTAAATCGTG

PLASeq.11.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGGTCTCACTGATCGCTAAATCGTG

PLASeq.12.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGCGCGCGATGATCGCTAAATCGTG

PLASeq.13.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGCCCCCCATGATCGCTAAATCGTG

PLASeq.14.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGCACACAATGATCGCTAAATCGTG

PLASeq.15.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGCGCTATTTGATCGCTAAATCGTG

PLASeq.16.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGCCCTTTGTGATCGCTAAATCGTG

PLASeq.17.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGCACTGTCTGATCGCTAAATCGTG

PLASeq.18.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGCTAGCTTTGATCGCTAAATCGTG

PLASeq.19.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGCTTCCTGTGATCGCTAAATCGTG

PLASeq.20.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGCTGACTCTGATCGCTAAATCGTG

PLASeq.21.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGCTATAGATGATCGCTAAATCGTG

PLASeq.22.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGCTTTTCATGATCGCTAAATCGTG

PLASeq.23.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGCTGTGAATGATCGCTAAATCGTG

PLASeq.24.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGAGCGCTTTGATCGCTAAATCGTG

PLASeq.25.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGTCCCCTGTGATCGCTAAATCGTG

PLASeq.26.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGGACACTCTGATCGCTAAATCGTG

PLASeq.27.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGAGCTAGATGATCGCTAAATCGTG

PLASeq.28.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGTCCTTCATGATCGCTAAATCGTG

PLASeq.29.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGGACTGAATGATCGCTAAATCGTG

PLASeq.30.A

CGCATCGCCCCGTTCAGAGTTCTACAGTCCGACGATCHHHHACHHHHACHHHNGCAGATAGCGATGATCGCTAAATCGTG

Supplemental table S3.1 Generation 1, Probe A oligomers
Probe A oligomers carry a 5’-sulfhydryl group for sSMCC mediated conjugation. All probes were ordered from
Microsynth (Switzerland), and were PAGE purified.

112

Name

Sequence (5' - 3')

PLASeq.2.B

TCGTGTCGTGTCTAAAGTCCCTCTCTATAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.3.B

TCGTGTCGTGTCTAAAGTCCAGATCTATAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.4.B

TCGTGTCGTGTCTAAAGTCCTCTTCTATAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.5.B

TCGTGTCGTGTCTAAAGTCCGAGTCTATAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.6.B

TCGTGTCGTGTCTAAAGTCCATCGATATAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.7.B

TCGTGTCGTGTCTAAAGTCCTTCCTTATAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.8.B

TCGTGTCGTGTCTAAAGTCCGTCAGTATAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.9.B

TCGTGTCGTGTCTAAAGTCCATCTCGTTAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.10.B

TCGTGTCGTGTCTAAAGTCCTTCTCCGTAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.11.B

TCGTGTCGTGTCTAAAGTCCGTCTCACTAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.12.B

TCGTGTCGTGTCTAAAGTCCCGCGCGATAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.13.B

TCGTGTCGTGTCTAAAGTCCCCCCCCATAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.14.B

TCGTGTCGTGTCTAAAGTCCCACACAATAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.15.B

TCGTGTCGTGTCTAAAGTCCCGCTATTTAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.16.B

TCGTGTCGTGTCTAAAGTCCCCCTTTGTAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.17.B

TCGTGTCGTGTCTAAAGTCCCACTGTCTAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.18.B

TCGTGTCGTGTCTAAAGTCCCTAGCTTTAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.19.B

TCGTGTCGTGTCTAAAGTCCCTTCCTGTAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.20.B

TCGTGTCGTGTCTAAAGTCCCTGACTCTAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.21.B

TCGTGTCGTGTCTAAAGTCCCTATAGATAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.22.B

TCGTGTCGTGTCTAAAGTCCCTTTTCATAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.23.B

TCGTGTCGTGTCTAAAGTCCCTGTGAATAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.24.B

TCGTGTCGTGTCTAAAGTCCAGCGCTTTAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.25.B

TCGTGTCGTGTCTAAAGTCCTCCCCTGTAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.26.B

TCGTGTCGTGTCTAAAGTCCGACACTCTAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.27.B

TCGTGTCGTGTCTAAAGTCCAGCTAGATAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.28.B

TCGTGTCGTGTCTAAAGTCCTCCTTCATAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.29.B

TCGTGTCGTGTCTAAAGTCCGACTGAATAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

PLASeq.30.B

TCGTGTCGTGTCTAAAGTCCATAGCGATAATNDDDDTGTDDDDDTGTDDDDDCAGTGGAATTCTCGGGTGCCAAGCATCGTTGA

Supplemental table S3.2 Generation 1, Probe B oligomers
Probe B oligomers are 5’-phosphorylated, and carry a 3’ sulfhydryl group for sSMCC mediated conjugation. All
probes were ordered from Microsynth (Switzerland), and were PAGE purified.
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Name

Sequence (5' - 3')

fwd.II.5

CGTTCAGAGTTCTACAGTCCGACGAT

ddPCR Assay fwd Probe

rev.II.5

CTTGGCACCCGAGAATTCCACT

ddPCR Assay rev primer

FAM-ATCGCTAAATCGTGTCGTGTCGTGTCTA-BHQ1

ddPCR Assay Hydrolysis Probe

TaqP.II.5

TTTCGACACGACACGATTTAGGTC
Connector 18
Supplemental Table S3.3 DNA oligomers required for digital PLA

Antigen
CD147
A20
ikba
ikbe
GAPDH
p65
RelB
MyD88
IKK beta
TRIF
Fas
LAMP1
ERK1
HDGFRP3
Goat IgG

Supplier
R&D Systems
Santa Cruz Biotechnology
Santa Cruz Biotechnology
R&D Systems
R&D Systems
Santa Cruz Biotechnology
Santa Cruz Biotechnology
R&D Systems
Thermo Fisher
R&D Systems
R&D Systems
R&D Systems
Novus Biologicals
Novus Biologicals
Thermo Fisher

Supplemental table S3.4 Tested PLA Antibodies
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Note

PLA Connector Oligomer

Catalog Number
AF972
sc17856
sc-847
AF4300
AF5718-SP
sc-372-G
sc-28689
AF2928
PA5-19916
AF6216
AF326
AF4800
H00005595-D01P
H00050810-D01P
D1600064640

6.3 Chapter 4
6.3.1 Supplemental Figures

Supplemental Figure S4.1 Explained Variance of Principle Component
The explained variances by each principle components are shown for the PCA clustering shown in Figure 4.2,
based on RNA-Seq (A) or PLA-Seq (B) data.

115

Supplemental Figure S4.2 Flow cytometry analysis of CD3 and CD28 expression in Jurkat cells
Jurkat cells were stained with antibodies against CD3 (A + C) or CD28 (B), and fluorescence was measured
using a fluorescently labelled secondary anti-mouse antibody. As a negative control pure secondary antibody
was applied. The primary antibodies are un-conjugated versions of the antibodies used in the PLA cocktail. A
successful CD3 stain was also compared to unspecific primary antibodies of multiple isotypes that can be
found in the PLA probe cocktail. (D)
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Supplemental Figure S4.3. Diversity of H1299, and Jurkat libraries
Jurkat, and H1299 libraries were sequenced with comparable number of reads. However, significantly more
unique molecular identifiers (UMI) were discovered in Jurkat samples
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Supplemental Figure S4.4. Ligation background of H1299 samples
The pairwise correlation of the PLA signals of all H1299 replicates (R1-6). Centered Log Ratio (CLR) with base 2 is shown. The average correlation between two replicates is
spear = 0.92 ± 0.01
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Supplemental Figure S4.5. Relative Probe Concentrations across binding partners
Base 2 Centered-Log-Ratio (CLR) of the fraction a certain probe makes up of the PLA products of all its possible
binding partners. Values for H1299 samples (A+C), and Jurkat samples (B+D) are shown separately.
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Supplemental Figure S4.6. Sample median relative probe concentration across replicates:
The relative probe concentration of all PLA probes are shown for H1299 (A-B), and Jurkat cell samples (C+D). Values are given as Centered-Log-Ratio using the logarithm of
base 2
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Supplemental Figure S4.7. Comparison of individual samples to the predicted ligation background (BG)
(A) Comparison of individual H1299 measurements to predicted H1299 ligation background
(B) Comparison of individual Jurkat measurements to predicted Jurkat ligation background
(C) Comparison of individual Jurkat measurements to predicted H1299 ligation background
All values are transformed to the Centered-Log-Ratio using the logarithm of base 2
Predicted Ligation Background, as estimated from the relative probe concentrations. Red ribbon entails mean
of the predicted background + 2.5xSDs (n = 6). Corresponding experimental measurements are shown in black.
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Supplemental Figure S4.8. Pairwise Comparison of estimated relative probe B frequencies
Pairwise Comparison of estimated relative probe frequencies between H1299, and Jurkat cells are shown for
probe B. The black line indicates perfect agreement between the two frequencies. Errorbars depict SD of
biological replicated (n = 6)

Supplemental Figure S4.9. Comparison of H1299, and Jurkat relative probe frequencies
The relative frequencies of all PLA probes are shown for H1299 samples (blue), and Jurkat samples (red). Probe
A frequencies can be found in (A), probe B frequencies in (B).
Error bars are mean ± SD of 6 biological replicates. All values are transformed to the Central-Log-Ratio of
base 2
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Supplemental Figure S4.10. Volcano plot and Concentration comparison probe A
(A) Volcano plot of estimated median relative probe A frequencies. -log10 of the p-value of a two-sided t-tests
of estimated Jurkat and H1299 probe B median relative concentrations are plotted against the log2 of the
differences of probe concentration means. Probes with a mean difference of at least a single fold-change and a
p-value < 0.05 (red line) are coloured blue.
(B) Median relative probe concentration distributions of the probe Bs labelled in (A). H1299 estimates are
shown in red, Jurkat in petrol.
See Figure 4.5 for the analogous analysis of Probe B concentrations

Supplemental Figure S4.11 PLA probe read distributions
The total fraction of sequencing reads mapping to each used PLA probe across all analysed samples. Reads of
probe A (A), and probe B (B) are shown separately.
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6.3.2 Supplemental Tables
Exp. BioGPS199

Klijn et al200

AEBP1

J+

J+, H-

AKAP12

H+

J-

H+

ANXA2

H+

J-

J-

AXL

H+

CAPN2

H+

CAPNS1

H+

CCND1

H+

J-

CD3D

J+

J+

J+

CD3e

J+

J+

J+

CD44

H+

J-

J-

CDC42EP4

H+

J-

J-

CELF2

J+

J+

CXCR4

J+

J+

J+

E2F2

J+

J+

J+

FBXO27

H+

H+

FOSL1

H+

H+

FYB1

J+

J+

GNG12

H+

J-

GPX1

J+

ID1

H+

J-

IGLL1

J+

J+

ITGB5

H

J-

JARID2

J+

J+

KRT18

H+

J-

LCK

J+

J+

J+

J+

LMNA

H+

J-

J-

J-

NFIC

H+

NR2F2

H+

J-

PEG10

H+

J-

Gene Name

CCLE201
J+

H+
J-

J-

J-

J-, H+

H+

H+

J+
JH-

JJ+

J-
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PSMD8

H+

H+

PTMS

H+

PTPRF

H+

SERPINB6

H+

SETD6

H+

SLC29A1

J+

J+

SMARCA4

J+

J+

SOGA3

H+

TM4SF1

H+

J-

J-

TUBB6

H+

J-

J-, H+

Was

J+

J+

J+

ZFP36L1

H+

J-

J-

H+
H+
J-

J-

JJ-

J+, H-

J+

H+

Supplemental table S4.1. Literature annotation of DE genes
Gens predicted to be differently expressed by our RNA-Seq data were compared to gene expression data
bases. Genes were classified as upregulated in Jurkat (J+), downregulated in Jurkat (J-), upregulated in H1299
(H+), and downregulated in H1299 (H-). Column Exp contains the predictions from our data. All genes with
database entries were classified as our data predicted.
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Probe

Antigen

Supplier

Oligo

Name

Catalog Number

Nr.

CD3.1

CD3E

Biolegend

1

300437

CD3.2

CD3E

Biolegend

2

344802

CD28.1

CD28

Biolegend

3

302933

CD28.2

CD28

Abcam

4

ab23627

CD45RA.1

CD45RA

Novus

5

NB500-329

Biologicals
CD45RA.2

CD45RA

Biolegend

6

304102

LFA1.1

LFA1

Biolegend

7

363402

LFA1.2

LFA1

Abcam

8

ab13219

CD4.1

CD4

Biolegend

9

317402

CD4.2

CD4

Biolegend

10

300502

PD1.1

PD1

Biolegend

11

367402

PD1.2

PD1

Biolegend

12

329925

CD8.1

CD8a

Biolegend

13

301002

CD8.2

CD8

Biolegend

14

300902

CD27.1

CD27

Biolegend

15

356401

CD27.2

CD27

Biolegend

16

302802

CD132.1

CD132

Biolegend

17

338602

CD127.1

CD127

Biolegend

18

351302

CD45RO.1

CD45RO

Biolegend

19

304202

CD45RO.1

CD45RO

Novus

20

NBP2-44860

Biologicals
Supplemental Table S4.2. Used Antibodies
Antibodies that were used as PLA probes.
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Oligo Nr

Sequence (5' - 3')

1

CGCATTGCATCGTCTCGTGGGCTCGGCHHHHACHHHHACHHHNGCAGAGATCTATGATCGCTAAATCGTG

2

CGCATTGCATCGTCTCGTGGGCTCGGCHHHHACHHHHACHHHNGCAGAGACCTTGGATCGCTAAATCGTG

3

CGCATTGCATCGTCTCGTGGGCTCGGCHHHHACHHHHACHHHNGCAGCCACAATGGATCGCTAAATCGTG

4

CGCATTGCATCGTCTCGTGGGCTCGGCHHHHACHHHHACHHHNGCAGTGAGACCTGATCGCTAAATCGTG

5

CGCATTGCATCGTCTCGTGGGCTCGGCHHHHACHHHHACHHHNGCAGGTAGCACTGATCGCTAAATCGTG

6

CGCATTGCATCGTCTCGTGGGCTCGGCHHHHACHHHHACHHHNGCAGCAATCGGTGATCGCTAAATCGTG

7

CGCATTGCATCGTCTCGTGGGCTCGGCHHHHACHHHHACHHHNGCAGCTAGCTGAGATCGCTAAATCGTG

8

CGCATTGCATCGTCTCGTGGGCTCGGCHHHHACHHHHACHHHNGCAGCTACGACAGATCGCTAAATCGTG

9

CGCATTGCATCGTCTCGTGGGCTCGGCHHHHACHHHHACHHHNGCAGGAAGGAAGGATCGCTAAATCGTG

10

CGCATTGCATCGTCTCGTGGGCTCGGCHHHHACHHHHACHHHNGCAGAGAAGAGGGATCGCTAAATCGTG

11

CGCATTGCATCGTCTCGTGGGCTCGGCHHHHACHHHHACHHHNGCAGTAAGGCTCGATCGCTAAATCGTG

12

CGCATTGCATCGTCTCGTGGGCTCGGCHHHHACHHHHACHHHNGCAGTTACGGTGGATCGCTAAATCGTG

13

CGCATTGCATCGTCTCGTGGGCTCGGCHHHHACHHHHACHHHNGCAGGCATGTACGATCGCTAAATCGTG

14

CGCATTGCATCGTCTCGTGGGCTCGGCHHHHACHHHHACHHHNGCAGCAAGGTCTGATCGCTAAATCGTG

15

CGCATTGCATCGTCTCGTGGGCTCGGCHHHHACHHHHACHHHNGCAGATACGTGCGATCGCTAAATCGTG

16

CGCATTGCATCGTCTCGTGGGCTCGGCHHHHACHHHHACHHHNGCAGGCAGTATCGATCGCTAAATCGTG

17

CGCATTGCATCGTCTCGTGGGCTCGGCHHHHACHHHHACHHHNGCAGAGATTCCGGATCGCTAAATCGTG

18

CGCATTGCATCGTCTCGTGGGCTCGGCHHHHACHHHHACHHHNGCAGTCAGTCGAGATCGCTAAATCGTG

19

CGCATTGCATCGTCTCGTGGGCTCGGCHHHHACHHHHACHHHNGCAGGAACTCTGGATCGCTAAATCGTG

20

CGCATTGCATCGTCTCGTGGGCTCGGCHHHHACHHHHACHHHNGCAGGGCTAACTGATCGCTAAATCGTG

Supplemental Table S4.3 Used probe A DNA oligomers
Probe A oligomers carried an azide modification on their 5’-end
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Oligo Nr

Sequence (5' - 3')

1

TCGTGTCGTGTCTAAAGTCCATAGCGTCACAAAAAAAAAAAAAAAAAAAAAAAAAAAAA

2

TCGTGTCGTGTCTAAAGTCCAGACCTTGACAAAAAAAAAAAAAAAAAAAAAAAAAAAAA

3

TCGTGTCGTGTCTAAAGTCCCCACAATGACAAAAAAAAAAAAAAAAAAAAAAAAAAAAA

4

TCGTGTCGTGTCTAAAGTCCTGAGACCTACAAAAAAAAAAAAAAAAAAAAAAAAAAAAA

5

TCGTGTCGTGTCTAAAGTCCGTAGCACTACAAAAAAAAAAAAAAAAAAAAAAAAAAAAA

6

TCGTGTCGTGTCTAAAGTCCCAATCGGTACAAAAAAAAAAAAAAAAAAAAAAAAAAAAA

7

TCGTGTCGTGTCTAAAGTCCCTAGCTGAACAAAAAAAAAAAAAAAAAAAAAAAAAAAAA

8

TCGTGTCGTGTCTAAAGTCCCTACGACAACAAAAAAAAAAAAAAAAAAAAAAAAAAAAA

9

TCGTGTCGTGTCTAAAGTCCGAAGGAAGACAAAAAAAAAAAAAAAAAAAAAAAAAAAAA

10

TCGTGTCGTGTCTAAAGTCCAGAAGAGGACAAAAAAAAAAAAAAAAAAAAAAAAAAAAA

11

TCGTGTCGTGTCTAAAGTCCTAAGGCTCACAAAAAAAAAAAAAAAAAAAAAAAAAAAAA

12

TCGTGTCGTGTCTAAAGTCCTTACGGTGACAAAAAAAAAAAAAAAAAAAAAAAAAAAAA

13

TCGTGTCGTGTCTAAAGTCCGCATGTACACAAAAAAAAAAAAAAAAAAAAAAAAAAAAA

14

TCGTGTCGTGTCTAAAGTCCCAAGGTCTACAAAAAAAAAAAAAAAAAAAAAAAAAAAAA

15

TCGTGTCGTGTCTAAAGTCCATACGTGCACAAAAAAAAAAAAAAAAAAAAAAAAAAAAA

16

TCGTGTCGTGTCTAAAGTCCGCAGTATCACAAAAAAAAAAAAAAAAAAAAAAAAAAAAA

17

TCGTGTCGTGTCTAAAGTCCAGATTCCGACAAAAAAAAAAAAAAAAAAAAAAAAAAAAA

18

TCGTGTCGTGTCTAAAGTCCTCAGTCGAACAAAAAAAAAAAAAAAAAAAAAAAAAAAAA

19

TCGTGTCGTGTCTAAAGTCCGAACTCTGACAAAAAAAAAAAAAAAAAAAAAAAAAAAAA

20

TCGTGTCGTGTCTAAAGTCCGGCTAACTACAAAAAAAAAAAAAAAAAAAAAAAAAAAAA

Supplemental Table S4.4. Used probe B oligomers
Probe B oligomers carried an azide modification on their 3’-end and were phosphorylated on their 5’-end
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