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ABSTRACT
In eukaryotic cells, the distribution of proteins between the cytoplasm and nucleus plays a
key role in determining many important cellular processes, and defects in protein partitioning can
result in developmental defects or cancer. This partitioning is achieved via a combination of
passive diffusion and active transport, though passive diffusion is the more predominant factor.
To better understand the protein properties that affect passive diffusion, I quantified the diffusion
of E. coli p roteins into the nucleus of Xenopus oocytes. With the help of a new entropy-based
model, I was able to show that proteins with native sizes of up to ~100 kDa can passively diffuse
through the nuclear pore. By extending the entropy model to incorporate information about
surface residue frequencies, I found that proteins with higher surface frequencies of lysine and
alanine tended to diffuse slower, while other hydrophobic residues, histidine, and arginine
correlated with faster diffusion. My work demonstrates the importance of both protein size and
surface properties in predicting passive diffusion rates. Additionally, I have reviewed the current
state of mass spectrometry-based proteomics techniques, some of which I have used in my
project on quantifying passive diffusion. I also contributed to a review about how the
nucleocytoplasmic partitioning of proteins is affected by both passive diffusion and active
transport. Finally, I performed some mathematical derivations explaining how the Arrhenius
Equation can be extended to sequences of multiple reactions, which greatly helped explain why
complex developmental processes follow the Arrhenius Equation.
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CHAPTER 1: INTRODUCTION
1.1: ABSTRACT
The partitioning of proteins between the nucleus and the cytoplasm is a defining
characteristic of eukaryotic cells, allowing them to spatially separate biochemical reactions and
thus achieve a greater degree of regulation. Given this importance, it is not surprising that defects
in protein partitioning can lead to developmental diseases or cancer. Proteins can travel through
nuclear pores between the nucleus and cytoplasm by either passive diffusion or active transport.
In this chapter, we first introduce how proteins are partitioned in Xenopus laevis o ocytes, and
also how the molecular structure of the nuclear pore complex presents a barrier to passive
diffusion. Next, we examine previous attempts at modeling how protein properties, particularly
size but also surface hydrophobicity, surface charge, or surface amino acid residues, affect the
rates at which proteins diffuse through the nuclear pore. Finally, we address the limitations of
these previous models and questions that remain unanswered.
1.2: QUANTIFYING THE NUCLEOCYTOPLASMIC PARTITIONING OF PROTEINS
The partitioning of macromolecules, particularly proteins, between the cytoplasm and
nucleus is a defining characteristic of eukaryotic cells1. The nuclear envelope, which separates
the nucleus and cytoplasm, is perforated with thousands of nuclear pore complexes, which are
selectively permeable to macromolecules and thus regulate the nucleocytoplasmic partitioning of
proteins2. This allows eukaryotic cells to have a spatial separation of biochemical reactions,
giving them an additional level of regulation compared to prokaryotic cells3,4. The
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nucleocytoplasmic partitioning of specific proteins can act as a cellular signal, and defects in this
partitioning can lead to developmental diseases or cancer5-7.
Although there have been many studies looking at the partitioning of specific individual
proteins, recent advances in quantitative mass spectrometry have now allowed us to look at the
entire proteome at once. With this, we are able to look for trends between protein properties and
their nucleocytoplasmic partitioning. However, in order to do this, it is necessary to get a clean
separation between the nucleus and cytoplasm. Methods such as centrifugation often take much
longer than the time it takes for certain proteins to diffuse through the nuclear pore, and damage
to the nucleus from cell lysis can result in some nuclear proteins leaking out of the nucleus8,9.
However, the Xenopus laevis o ocyte is large enough that the nucleus and cytoplasm can be
manually separated, allowing for a more faithful quantification of protein partitioning.
Mass spectrometry is a powerful method that can be used to quantify the
nucleocytoplasmic partitioning of thousands of proteins simultaneously. Although label-free
quantification and SILAC are commonly used to quantify proteins in two different samples,
multiplexed proteomics using isobaric tags allows for the simultaneous quantification of a larger
number of samples10. Isobaric tags have the same mass but different distributions of heavy
atoms, and different forms of the tag are used to label the proteins in different samples. This
method involves isolating peptide peaks in the MS1 spectrum and fragmenting them into an MS2
spectrum. This fragmentation breaks the isobaric tag and thus splits the peak into peaks
corresponding to the different samples, allowing for peptide quantification. The basic form of
this method suffers from interference and ratio distortion, since other peaks may be co-isolated
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into the MS2 spectrum11. One method to address this contaminating peak issue involves a further
fragmentation step, into an MS3 spectrum, to differentiate the main peak from the contaminating
peaks12,13. Another method, developed by the Wühr lab, uses the complement reporter ion of the
isobaric tag for quantification14,15. Since the complement ion is attached to the peptide, the
instrument can distinguish between the masses of the peptide of interest and the contaminating
peptides. Our lab uses both the MS3 and TMTc methods for protein quantification, and each of
these methods allows us to quantify proteins in the cytoplasmic and nuclear samples of multiple
oocyte timepoints.
Using these state-of-the-art mass spectrometry methods, Wühr et al. quantified the
nucleocytoplasmic partitioning of about 9,000 proteins in Xenopus oocytes16. They found that
proteins in complexes below 100 kDa were equally concentrated in the nucleus and the
cytoplasm, while most proteins in larger complexes were predominantly partitioned into one or
the other, though there was also a smaller amount of large equidistributed proteins. This suggests
that proteins below 100 kDa are mostly able to passively diffuse between the nucleus and
cytoplasm, which would lead to equal concentrations on both sides in the steady state.

3

Figure 1.1: Nucleocytoplasmic Partitioning of Proteins in the Xenopus laevis O
 ocyte16.
1.3: THE NUCLEAR PORE COMPLEX AND PROTEIN TRANSPORT
The NPC contains hundreds of copies of conserved proteins known as nucleoporins,
approximately a third of which contain disordered sequences rich in phenylalanine and glycine.
These are known as FG-repeats, and they form the permeability barrier of the nuclear pore2,17,18.
These sequences are extremely hydrophobic due to their enrichment in phenylalanines, and the
nucleoporin proteins often have a net positive charge19,20. As a result, proteins with hydrophobic
or negatively charged surfaces form greater interactions with these FG-repeats. There is some
debate in the literature regarding the precise structural nature of the permeability barrier formed
by the nucleoporins21. These FG-nucleoporins can undergo phase separation in vitro to form
4

hydrogels that can act as molecular sieves22-26. However, it is unclear whether this phase
separation occurs in vivo21
 .

Figure 1.2: Molecular Structure of the Nuclear Pore Complex27.
Proteins can travel through the nuclear pore using either passive diffusion or active
transport. Passive diffusion involves proteins diffusing from the side with higher concentration to
the side with lower concentration, while active transport involves proteins being carried by
importins or exportins through the pore28,29. In either case, these proteins must traverse the barrier
created by the FG-repeats within the nuclear pore complex. In general, smaller proteins can
diffuse through the nuclear pore down a concentration gradient, whereas larger proteins
generally need to be actively transported by importins or exportins. These karyopherins bind to
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cargo proteins and can rapidly transport them through the pore. However, although active
transport is a critically important process, being able to move large proteins and move proteins
against a concentration gradient, the localization of most proteins seems to be maintained
predominantly by diffusion or passive retention16. Though active transport is necessary to move
large proteins or to transport proteins against a concentration gradient, the majority of proteins
are mainly partitioned by passive diffusion, which is why, in Xenopus o ocytes, most small
proteins are equidistributed between the nucleus and cytoplasm, while most large proteins are
partitioned into one of the compartments. Therefore, in order to understand how eukaryotic cells
achieve and maintain their protein partitioning, it is necessary to determine how various protein
factors, mainly size but also hydrophobicity, charge, and surface residue frequencies, affect their
diffusion rates through the nuclear pore.
1.4: THE IMPACT OF PROTEIN SIZE ON PASSIVE DIFFUSION
The diffusion rate of a protein depends on many factors, but perhaps the most important
factor is the size of the protein. The FG-repeats in the nuclear pore provide a barrier to passive
diffusion. However, there is disagreement in the literature as to whether there is a maximum
protein size limit for passive diffusion, and as to what that size cutoff is30-32. Previous studies
have been performed, each analyzing the passive diffusion of a small number of proteins or
dextrans between the cytoplasm and nucleus. Each of these studies resulted in a different model
for predicting passive diffusion rates based on size.
In one study by Paine, dextrans of different sizes were injected into the cytoplasms of
Xenopus o ocytes and allowed to diffuse into the nucleus30. The authors modeled the nuclear pore
6

as a single large channel, with a wall correction factor impeding diffusion as the dextran
diameter approaches the diameter of the channel. They concluded that the nuclear pore channel
had a radius of 4.5 nm. This model would predict a sharp cutoff size of 4.5 nm for passive
diffusion.
A more recent study by Görlich examined the diffusion of 12 proteins in HeLa cells,
whose maximal size was 42 kDa33. The authors proposed a refinement of the Paine model, where
nuclear pores have a certain distribution of 3 different channel sizes. With their diffusion rate
measurements, they found the following channel size distribution: 77.7% of channels have radius
1.76 nm, 22.2% have radius 2.63 nm, and the final 0.1% have radius 4.32 nm. This model would
also predict a sharp cutoff of 4.32 nm, though it is likely that the true channel size distribution is
more continuous. Furthermore, this model uses 6 free parameters to fit the diffusion rates for 12
proteins, whose maximum size is 42 kDa, so it is unclear how well this model can be extended to
larger proteins.
Finally, studies by Rout and Veenhoff involved using fluorescent imaging to study the
diffusion rates of proteins in yeast cells34,35. These proteins were all fusion proteins containing
GFP. These studies combined had a total of 14 proteins, going up to ~250 kDa. The authors did
not find a sharp size cutoff, and instead they found an approximately inverse cubic relationship
between diffusion rate constants and protein molecular weight. However, it is possible that the
larger fusion proteins broke up into smaller subunits before diffusing into the nucleus, so the
predictions for the very large proteins may not be accurate.

7

These three models make different predictions, both regarding the existence and value of
a potential size cutoff, and regarding the physical nature of the permeability barrier caused by the
FG-repeats within the nuclear pore. Though these studies all give some insight into how protein
size affects passive diffusion rates, each of them only examined a small number of molecules,
and there has not yet been a more systematic study of a wide variety of proteins. Furthermore,
the Paine and Görlich models are unrealistic in having a single channel or a discrete channel size
distribution, and the Rout model does not have a clear physical basis at all. Further study is
required to gain a more systematic understanding of how size affects passive diffusion, and to
construct a model with a realistic physical basis.

Figure 1.3: Previous Studies of Passive Diffusion30,33-35. The Paine and Görlich models predict
a sharp size cutoff, while the Rout model predicts a smoother rate decrease with increasing size.
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1.5: PROTEIN SURFACE PROPERTIES
Since proteins interact with FG-nucleoporins when diffusing through the pore, proteins
with the same size but different surface properties can have significantly different diffusion rates.
As noted above, these nucleoporins are generally hydrophobic and positively charged. This
suggests that proteins with higher frequencies of hydrophobic or negatively charged amino acid
residues on their surfaces would tend to diffuse through the nuclear pore at a faster rate. A
statistical analysis of yeast proteins found that cargo proteins, which are proteins that are actively
transported, tend to be more positively charged and less hydrophobic, whereas importins and
exportins tend to be negatively charged and more hydrophobic19. This analysis used the primary
amino acid sequences of these proteins and normalized to sequence length, but did not take
solvent accessibility into account, so it is unclear if these trends would still hold when restricted
to just surface amino acid residues. Nevertheless, these trends still strongly suggest that the
surface properties of proteins play a key role in determining their ability to diffuse through the
nuclear pore complex.
In a recent study, Frey et al. mutated amino acid residues on the surface of GFP and
examined the effect of these mutations on GFP’s passive diffusion rates through the nuclear
pore36. They did find that hydrophobic residues promote diffusion, and that the positively
charged lysine slows diffusion, results that are in line with previous expectations. However, they
also observed that the positively charged histidine and arginine residues actually promote
diffusion, and that the negatively charged residues aspartate and glutamate inhibit diffusion. The
authors hypothesized that the diffusion-promoting effect of arginine and histidine could be due to
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the favorable pi interactions occurring between these residues and the phenylalanines in the
FG-repeats within the nuclear pore. The authors suggest that the unexpected result for the
negatively charged residues could be due to the negative charges on importins and exportins
which are always in transit through the nuclear pore, and they also note that negatively charged
RNA molecules need to be transported by exportins, instead of being able to diffuse through the
pore on their own. Overall, the mutations performed resulted in GFP molecules with a wide
range of diffusion rates, ranging from 35-fold slower to 500-fold faster, even surpassing the
diffusion rates of natural karyopherins. Thus, it is clear that surface properties play a significant
role in determining diffusion rates, both for general proteins, but also for the karyopherins that
are responsible for active transport. Though this study focused on a single protein, it is likely that
similar principles would apply to other proteins as well.

10

Figure 1.4: Relative Impacts of Surface Residues on GFP Diffusion Rates36. Hydrophobic
residues and the positively charged arginine and histidine promote diffusion through the nuclear
pore, while lysine and negatively charged residues inhibit diffusion.

1.6: DISCUSSION
In this chapter, we introduced the importance of protein partitioning between the
cytoplasm and nucleus in eukaryotic cells. We discussed the structure of the nuclear pore and
how this affects the passive diffusion of proteins. We then discussed previous attempts to model
the effect of protein size on passive diffusion rates, and previous studies on how surface
properties such as charge, hydrophobicity, and surface residues further influence diffusion rates.
In Chapter 2, we review the current state of knowledge of nucleocytoplasmic partitioning, and
11

discuss methods that can be used to study the effects of passive diffusion and active transport. In
Chapter 3, we review different quantitative multiplexed proteomics methods, including
TMT-MS3 and TMTc+, which are state-of-the-art methods that can be used to quantify protein
partitioning. In Chapter 4, we discuss how well the developmental progression of Xenopus laevis
and Drosophila melanogaster e mbryos follows the Arrhenius equation.
In order to understand how all these factors influence passive diffusion on a more
quantitative level, we need to study the diffusion of a larger number of proteins, and we need to
develop a model with a more realistic physical basis. In Chapter 5, we describe how we
quantified the passive diffusion of E. coli proteins in Xenopus o ocytes using multiplexed mass
spectrometry. Using mathematical modeling, we were able to fit parameters for our new
entropy-based model, which predicts passive diffusion rates based on protein size. We then
extended our entropy model to take surface residue frequencies into account. We conclude by
discussing the insights gained from these results. In Chapter 5, we discuss how well the
developmental progression of Xenopus laevis a nd Drosophila melanogaster embryos follows the
Arrhenius equation.
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CHAPTER 2: PROTEOMICS OF NUCLEOCYTOPLASMIC PARTITIONING
2.1: INTRODUCTORY NOTE
This review was written in collaboration with Thao Nguyen, and it was published in
Current Opinion in Chemical Biology in 2019. I contributed to this work by creating Figure 3c,
which depicted previous measurements of and models for how protein size affects passive
diffusion rates through the nuclear pore. The main text and main figures of this review are
reproduced in their entirety below.
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2.2: ABSTRACT
The partitioning of the proteome between nucleus and cytoplasm affects nearly every aspect of
eukaryotic biology. Despite this central role, we still have a poor understanding of which
proteins localize in the nucleus and how this varies in different cell types and conditions. Recent
advances in quantitative proteomics and high-throughput imaging are starting to close this
knowledge gap. Studies on protein interaction are beginning to reveal the spectrum of cargos of
nuclear import and export receptors.We anticipate that it will soon be possible to predict each
protein’s nucleocytoplasmic localization based on its importin/exportin interactions and its
estimated diffusion rate through the nuclear pore. This insight is likely to provide us with a
fundamental understanding of how cells use nucleocytoplasmic partitioning to encode and relay
information.
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2.3: INTRODUCTION
The subdivision of the cell into compartments with distinct contents and functions is one
of the key hallmarks of eukaryotic biology [1]. A double-layered membrane, the nuclear
envelope (NE), separates the nucleus from the rest of the cell. The NE is perforated by thousands
of nuclear pore complexes (NPCs), which control the exchange of nuclear and cytoplasmic
content by allowing the selective passage of some molecules, while being nearly impermeable to
others. This spatial separation of biochemical pathways allows eukaryotes to have additional
layers of regulation not available to prokaryotes [2]. Nucleocytoplasmic (NC) partitioning can
encode cellular information,similar to protein expression levels or protein phosphorylation. For
instance, the activation of the canonical Wnt signaling pathway leads to accumulation of
b-catenin in the nucleus, resulting in downstream gene activation. Kinase activity can also be
regulated via subcellular localization: cyclin B needs to relocalize into the nucleus to induce NE
breakdown, which is required for the transition from G2 to mitosis [3]. Considering the
importance of subcellular localization in encoding important cellular information, it is not
surprising that misregulation of nuclear transport has been associated with multiple diseases,
including developmental defects and cancer [4–6]. Targeting mis-regulation of NC partitioning
has emerged as a promising therapeutic approach, particularly for cancer treatment [7–11].
Many previous studies have reported this subcellular localization of individual proteins.
Recent technological advances in methods such as mass spectrometry (MS) now allow us to look
at the entire proteome at once. This global approach allows the observation of protein
localization in a wider context. This might reveal emerging principles, which are impossible to
observe otherwise. For example, we might discover a set of proteins that localize in an
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unexpected manner, pointing towards a so far unknown nuclear localization mechanisms. In this
review, we will discuss our current knowledge about NC partitioning and highlight the
responsible nuclear transport mechanisms. We will focus on the proteome-wide scale and discuss
the emerging technologies that might be able to close the considerable gaps that remain in our
knowledge.
2.4: WHICH PROTEINS CONSTITUTE THE NUCLEAR PROTEOME?
Various resources are currently available that annotate the composition of the nuclear
proteome. An emerging source for subcellular localization data comes from quantitative
proteomics studies. MS provides a tool to quantify relative protein abundances for thousands of
proteins in a single experiment. Quantifying NC distribution with MS relies on the ability to
reliably fractionate cells into the nucleus and cytoplasm. Cleanly separating nuclei from the rest
of the cell is surprisingly difficult. Once a nucleus is removed from a somatic cell, the time it
takes some proteins to diffuse through the nuclear pore is believed to be short compared to the
time it takes for standard nuclear isolation protocols for example, via centrifugation through a
sucrose cushion [12,13]. Additionally, ruptures in the nuclear envelope resulting from cell lysis
might lead to additional loss of soluble nuclear proteins. The unusually large frog oocyte (1 mm
diameter) allows for the rapid and faithful isolation of the nucleus via physical methods and is
therefore uniquely suited for proteomics experiments (Figure 1a).Taking advantage of this
system, we previously quantified nucleocytoplasmic partitioning for 9k proteins in the frog
oocyte with two state-of-the-art methods of quantitative proteomics [14,15 ,16 ]. The quantified
frog proteins were then matched to human gene symbols for easy comparison to other databases.
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For many years, studies have determined the localization of individual proteins of interest
via immunofluorescence, GFP-fusion proteins, or Western Blotting [17–20]. Various sources
like UniProt, Gene Ontology, or LocDB have curated these studies into subcellular localization
databases [21,22,23 ]. UniProt contains subcellular information for 17k human proteins (5k
nuclear) (Figure 1b). Equally large and widely-used as the UniProt database, Gene Ontology has
the information of 5k nuclear proteins among 20k human entries. Another subcellular
localization database, LocDB, provides subcellular localization annotations for 13k human
proteins in which 5k of them are nuclear. Recently, the Human Cell Atlas Consortium has
attempted to generalize the immunofluorescence approach by raising antibodies against every
human protein [24]. So far, the consortium has been able to annotate the subcellular localization
of 12k human proteins based on immunofluorescence in human tissue culture cells. Of these, 7k
were identified as nuclear (Figure 1b). Unlike the categorical information made available by
UniProt or Cell Atlas, quantitative proteomics determines the concentration ratio between the
nucleus and cytoplasm. Because of the limited sensitivity of proteomics, however, the total
number of proteins for which information is available is comparatively small. When comparing
the predictions from these three resources, it is apparent that a consensus of proteins constituting
the nuclear proteome starts to emerge (Figure 1b). Surprisingly, however, information about the
subcellular localization of many proteins is either unavailable, limited to a single source, or
contradictory between different sources. Some of the discrepancies might be simply due to
measurement errors, caused, for instance, by non-specific antibody staining. Alternatively, it is
possible, or even likely, that for many proteins, subcellular localization depends on cell type or
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environmental conditions. Apparent disagreement might be due to interesting biological
differences.
An important question for the field is how much the nuclear proteome composition
differs in various cell types and conditions. MS-based proteomics is the technique which will
likely be employed to answer such questions, as it is currently the only approach that allows
quantification of thousands of proteins in a single experiment at a moderate cost.
While highly valuable as a model system, the frog oocyte is unusually large and rather
specialized; hence, the methods for quantification of subcellular localization cannot be fully
transferred to small cells, for which nuclei cannot be isolated manually. An elegant approach to
overcome the difficulty of isolating individual organelles from small cells is the use of crude
fractionation to assign proteins to their compartments (Figure 1c). This method is compatible
with a wide range of cell types and potentially tissue lysates. These approaches typically use
density gradient centrifugation to fractionate cell lysates. Protein complexes and organelles are
separated based on their size and density. The acquired fractions are differentially labelled with
isobaric tags for an MS experiment [25]. Isobaric tags like TMT barcode different conditions for
example, fractions [26]. This allows the co-analysis of multiple samples in a single experiment,
which drastically improves measurement precision. Recent progress in multiplexed proteomics
technology allows the accurate quantification of 9k proteins among 10 conditions with typical
coefficients of variation of 5% [15 ,27–29]. The centrifugation profile for each protein is read
out with quantitative MS and proteins are assigned to compartments based on the similarity of
their profiles to organelle-reference proteins [30,31]. This approach has been used to map
subcellular localization in multiple eukaryotic cell lines ranging from plants [32], invertebrates
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[33], vertebrates [34], to mammalian cells such as mouse pluripotent stem cells [35], mouse and
rat liver cells [36,37], and HeLa cells [38]. Comparison of the categorical nuclear data of one
such study (HyperLOPIT) [35] with the quantitative data from the frog oocyte shows a
remarkable agreement for proteins that are predicted to be nuclear (Figure 1d). However, no
predictions can be made for 1/3 of frog nuclear proteins detected by HyperLOPIT, likely due to
unassignable gradient profiles. These unassignable profiles likely result from proteins exhibiting
different elution profiles than any of the reference protein sets. This is likely due to (partial)
disassembly of organelles during the lysis/fractionation, differential behavior of sub organelle
structures, loss of protein–protein interactions due to dilution, proteomics measurement errors,
and so forth. Perhaps it will be possible to further improve HyperLOPIT-like approaches by
using gentler lysis conditions or by adding complementary fractionation techniques. Another
important limitation is that approaches like HyperLOPIT are currently non-quantitative.
Nevertheless, it has been shown that, at least in principle, relative abundance between multiple
compartments can be inferred [37].
2.5: HOW DO NUCLEAR TRANSPORT PATHWAYS GIVE RISE TO THE OBSERVED
NUCLEOCYTOPLASMIC PARTITIONING OF THE PROTEOME?
As proteins are exclusively synthesized in the cytoplasm [39], nuclear content is strictly
dependent on nuclear pore passage. Based on energy consumption, one can differentiate
transport through the NPC into passive diffusion and active transport. Passive diffusion involves
the bidirectional and energy-free movement of molecules through NPCs. If diffusion rates are
relatively fast compared to protein lifetimes, passive diffusion is expected to lead to equimolar
concentrations in the nucleus and cytoplasm. However, if local binding to a structure (e.g. DNA)
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exclusive to the nucleus or cytoplasm acts as a sink, passive diffusion can lead to asymmetric
protein concentrations (Figure 2a). Einick and Bustin demonstrated that a histone antibody
fragment heavily enriches in the nucleus even though it was inert to active nuclear transport [40].
It is unclear to what extent this mechanism is responsible for differential nucleocytoplasmic
concentrations of the cell’s proteome.
In contrast to passive diffusion, active transport is strictly regulated, directional, and
ultimately energy-dependent. This system requires continuous consumption of energy to
maintain a RanGTP gradient between the nucleus and cytoplasm [41]. The gradient is controlled
by the restricted localization of RanGAP (which hydrolyzes RanGTP into RanGDP) and
RanGEF (which converts RanGDP into RanGTP), which leads to a steep concentration gradient
of RanGTP across the NE. RanGEF is bound to the DNA to restrict its localization and results in
the high concentration of RanGTP in the nucleus [42,43]. Importins and exportins acting as
nuclear transport receptors utilize this gradient to selectively transport cargo into or out of the
nucleus (Figure 2b)[44]. The characteristic stretch of amino acids on cargos that allows
recognition by importin is called the nuclear localization signal (NLS) and can often be predicted
bioinformatically [45 ]. When we overlay current knowledge of nuclear transport pathways with
the NC partitioning distribution in the frog oocyte, we can observe some of the expected
correlation but also surprising discrepancies (Figure 3a)[14]: 17% of the oocyte proteins show
roughly the same concentration in nucleus and cytoplasm. The majority of these proteins are in
complexes less than 100 kDa in molecular weight, suggesting that they passively diffuse through
the NPC to equidistribute. However, some notable large complexes, like the proteasome, are also
equidistributed. Perhaps these complexes diffuse as monomers, or they might be able to
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permeate through the NPC despite their size. Alternatively, they may be actively transported in
both directions. Less than 60% of oocyte nuclear proteins are bioinformatically predicted to carry
an NLS [45 ] (Figure 3a). It is unclear if the remaining proteins in the nucleus have an
undetectable NLS (e.g. cryptic 3D import signals), if there exists a localized binding sink, or if
these proteins piggyback into the nucleus with others. Furthermore, nearly as many cytoplasmic
proteins contain bioinformatically predicted NLSs as those in the nucleus (Figure 3a). Among
them are ribosomal proteins, which are known to be imported into the nucleus as monomers.
Upon assembly into ribosomal subunits, the NLSs are hidden, and exportins transport these
subunits to the cytoplasm [46]. It will be exciting to learn why so many other proteins in the
cytoplasm appear to carry an apparent NLS. The open questions outlined in Figure 3a can be
addressed and possibly resolved by studying the contribution of nuclear transport pathways to
the nucleocytoplasmic localization of the cell’s proteome.
Rules for passive diffusion through NPCs have been extrapolated from measurements of
a handful of proteins or reporter molecules [47 ,48,49 ]. Based on measurements in HeLa cells,
the Go¨rlich group proposed that the passive diffusion can be modeled with a mixture of
characteristic pore sizes (Figure 3b) [48]. The Rout group observed that, in yeast, GFP multimers
of increasing size passively diffuse with times that relate to a powerlaw [49 ]. However, there is
no molecular explanation behind this observation and many graphs follow this relationship
(Figure 3b). In Figure 3b, we plotted the expected diffusion half-time for spherical proteins as a
function of their molecular weight. Interestingly, the models either do not agree with previous
halftime measurements, or need to be fitted with a free parameter [47 ,50]. Even if this free
parameter is fitted, it is not obvious why proteins smaller than 100 kDa are nearly always
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equidistributed (Figure 3a) whereas nearly all proteins that are exclusive to the nucleus or
cytoplasm are larger than 100 kDa [14]. One possibility is that nuclear pores in different model
systems show different permeabilities. An alternative explanation is that deducing diffusion data
for all proteins from just a few model substrates might not be appropriate. Recently, the Go¨rlich
lab hasshown that a protein’s diffusion through NPCs can be altered drastically by modifying its
surface properties [51]. Perhaps the current models for passive diffusion were built on proteins
with unusual characteristics. An important task will be to resolve the apparent discrepancies in
predicted passive diffusion rate as a function of protein size and potentially incorporate proteins’
surface properties.
Regarding active transport, some studies have already tried to predict which proteins are
substrates for particular transport pathways. In humans, 20 transport receptors are known. For
importin pathways, a subset of NLSs can be predicted bioinformatically [45 ,52,53]. However, it
remains a mystery why proteins with predicted NLSs show the observed subcellular distribution
(Figure 3a). Nuclear export signal prediction algorithms have also been developed, but these
predictions are even more difficult to make [54–56]. It is possible to infer the substrate transport
receptor relationships with differential pulldowns in which the transport receptor is kept in the
state where it either binds or does not bind substrates (Figure 3c and d). Using this approach and
quantifying the differential binding, 1000 substrates were identified for Exportin 1, and 250 for
XPO7 [57,58]. Similar experiments with importins might be able to resolve the surprising NLS
distribution shown in Figure 3a. In an alternative approach, the nuclear transport
receptor-substrate relationship was inferred via proximity labelling [59]. It now seems plausible
to map the entire interaction network of all NTRs with their substrates. It should also be possible
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to estimate relative affinities of all substrates to all NTRs by combining competition studies with
quantitative proteomics read-outs. These measurements will be required to predict whether
multiple NTRs act on the same substrate(s), or if substrates compete for binding to an NTR. We
know of individual examples where differential expression of nuclear transport receptors
changes the nuclear proteome composition with drastic consequences for cellular function. For
example, the lack of exportin 6 expression in the mature frog oocyte leads to actin accumulation
in the nucleus, which provides the stability required for its unusually large size [60]. Knowledge
of NTR expression levels could go a long way to predicting differential subcellular protein
localization once we understand which NTRs interacts with which cargo.
2.5: SUMMARY AND OUTLOOK
The nucleocytoplasmic distribution of many proteins is highly dynamic and often
encodes critical information during development, stress responses, and general cell signaling.
Thanks to emerging technologies, which allow the assignment of subcellular localization on a
proteome-wide scale,we should soon be able to answer questions such as how nucleocytoplasmic
partitioning changes during differentiation or in response to perturbations. These measurements
might be just as informative as protein expression and phosphorylation experiments. Besides
being able to measure how proteins are distributed between the nucleus and cytoplasm, an
exciting challenge is to be able to untangle the underlying mechanisms responsible for this
distribution.We discussed approaches to predict the rate of passive diffusion and active transport
on a proteome-wide scale with molecular resolution. Data with sufficiently high quality on active
transport and passive diffusion through the nuclear pore should allow precise prediction of each
protein’s relative concentration between the nucleus and cytoplasm (Figure 4). Congruence
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between predictions and observations would be truly satisfying. Perhaps even more exciting
would be any discrepancies that could suggest other nuclear transport mechanisms we cannot
currently fathom.
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Figure 2.1: What we know about the distribution of the proteome between nucleus and
cytoplasm.
A) An MS-based method for proteome-wide quantification of protein partitioning between the
nucleus (blue) and cytoplasm (rest of cell) in an amphibian oocyte. The exceptionally large
nuclei can be easily and rapidly isolated without loss of material. With proteomics, the relative
concentration of proteins in the nucleus and cytoplasm can be quantified. B) Comparison of
overlap of nuclear localization prediction of human proteins from three resources. UniProt is
curated from the literature, Cell Atlas predictions are based on immunofluorescence in tissue
culture cells, and Wühr et al. quantified nucleocytoplasmic partitioning with quantitative
proteomics in the frog oocyte, which were then matched to human genes [14,23,24]. A consensus
on nuclear localization is emerging for a significant number of proteins but, for many others, the
data is contradictory or missing. C) Reconstruction of subcellular localization based on crude
fractionation of cell lysate e.g., HyperLOPIT [35]. Proteins from the same organelles are
typically not fully separated but often show characteristic fractionation patterns. The elution
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profile is read out with quantitative proteomics. Based on this profile, proteins are assigned to
organelles. D) Comparison of nuclear localization from physical isolation in the frog oocyte [14]
or in mouse pluripotent stem cell with HyperLOPIT [35]. Shown is the histogram based on
subcellular localization quantification in the frog oocytes for proteins that were measured in both
studies (black). The proteins predicted to be nuclear by HyperLOPIT (blue shaded area) show
remarkable agreement with the data obtained in frogs. However, for about a third of the frog
nuclear proteins quantified in both studies, HyperLOPIT does not make predictions about
subcellular localization (orange shaded area on top of the blue).
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Figure 2.2: Schematic of molecular mechanisms responsible for the establishment and
maintenance of nucleocytoplasmic partitioning.
A) Small proteins are believed to be able to diffuse rapidly through the nuclear pore. Typically,
this would lead to equal concentration in the nucleus and cytoplasm (green). However, with a
local sink (e.g., binding to DNA) or localized assembly into large complexes, passive diffusion
leads to enrichment of proteins in one compartment (orange). B) Principle of active directional
transport over the nuclear pore. The restricted localization of RanGAP in the cytoplasm and
RanGEF in the nucleus, in particular on the DNA, maintains a steep concentration gradient of
RanGTP across the NE. Importins bind cargo in the cytoplasm. The importin-substrate complex
can diffuse through the nuclear pore comparatively rapidly. In the nucleus, the exchange of
RanGDP to RanGTP leads to a conformational change in the importin, resulting in the release of
its cargo protein. C) Similarly, but in the opposite direction, exportin together with RanGTP
binds to its cargo substrate in the nucleus and rapidly diffuses outward through the nuclear pore
35

complex. In the cytoplasm, RanGAP hydrolyzes RanGTP and leads to the exportin’s release of
its cargo.
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Figure 2.3: How does the interplay of nuclear trafficking pathways lead to observed
nucleocytoplasmic partitioning?
A) Observed nucleocytoplasmic partitioning in the frog oocyte for all detected proteins and
proteins that contain a bioinformatically predicted NLS or for proteins in complexes smaller than
100 kDa [14,45]. Quantification of the concentration in the nucleus over the summed
concentration in the nucleus and cytoplasm using the Xenopus oocyte model reveals a trimodal
distribution for all ~9k proteins observed (black line). The majority of proteins localize nearly
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exclusively in either the cytoplasm or the nucleus. The majority of the equidistributed proteins
were shown to be in complexes smaller than ~100 kDa and are likely to rapidly diffuse through
the nuclear pore (blue line). Interestingly, proteins that are bioinformatically predicted to carry
an NLS [45] are nearly as likely to be present in the nucleus or cytoplasm but very unlikely to be
equidistributed (red line). B) Comparison of diffusion half-time of a few measured proteins and
dextrans to the proposed models for size-dependent diffusion times from separate studies
[47–50]. The black dots depict the measured diffusion halftime based on radiography of proteins
or dextrans, converted into protein-molecular weight based on matching of stokes radii [47,50].
The curves are the predictions of a protein’s diffusion halftime through the NPCs: in red are the
empirical power law relationship between diffusion time constant and protein size with different
coefficients presented in different dashed red curves [49]. The blue line depicts how the interplay
between the protein’s size and the pore complex affects the protein’s diffusion halftime in the
model where the nuclear pore is modelled with three distinct pore sizes with their associated
frequencies [48]. The models only poorly predict experimental diffusion times in this system.
Furthermore, based on these models it is not apparent why proteins in complexes smaller than
~100 kDa (blue vertical line) are equidistributed while nearly all proteins exclusive to one
compartment are in larger assemblies. C, D) Principle of identifying cargos for importin/exportin
on the example of exportin 1 (XPO1) [57]. C) Cell lysate is exposed to XPO1 in the binding
form (with RanGTP) or to XPO1 which cannot bind substrates. XPO1 is linked to an affinity tag,
which allows easy isolation e.g., via magnetic beads. D) Shown is the coomassie gel of eluates of
Exportin 1 pulldowns +/− RanGTP. Bands with equal intensities in both lanes are likely due to
nonspecific binding. True substrates are expected to show significantly higher abundance in the
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right lane. With quantitative proteomics, the identity and relative enrichment of each of these
bands and many more can be resolved. Reprinted with friendly permission from eLife [57].
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Figure 2.4: Towards an understanding of how the cell partitions its proteome between
nucleus and cytoplasm on a global scale with molecular resolution.
A) We can predict many physicochemical properties of proteins from primary sequences and
protein structures [61]. These properties can be correlated to their nuclear transport behaviors
e.g., TOP - the size/shape of proteins (complexes) and surface properties can be converted to a
model that predicts the passive diffusion time through the nuclear pore. BOTTOM - additionally,
the expression levels of all importins/exportins along with the identity and affinity of their
substrates can be determined bioinformatically or experimentally. B) Together, this should allow
us to predict transport for each protein through NPCs and thereby predict their
nucleocytoplasmic partitioning. A satisfying model would generate predictions that are very
similar to actual measurements. Differences between observed and predicted partitioning could
point towards a substantial lack of understanding and provide direction toward new, overlooked
mechanisms.
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CHAPTER 3: A REVIEW ON QUANTITATIVE MULTIPLEXED PROTEOMICS
3.1: INTRODUCTORY NOTE
This review was written in collaboration with Lance Martin, and was published in
Chembiochem in 2019. I designed the majority of the figures, and Lance Martin designed
Figures 1 and 7. The main text and the figures of this review are reproduced in their entirety
below.
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3.2: ABSTRACT
Over the last few decades, mass spectrometry-based proteomics has become an
increasingly powerful tool that is now able to routinely detect and quantify thousands of proteins.
A major advance for global protein quantification was the introduction of isobaric tags, which in
a single experiment enable the global quantification of proteins across multiple samples. In this
review, we refer to these methods as multiplexed proteomics. We discuss the principles,
advantages, and drawbacks of various multiplexed proteomics techniques, and compare them to
alternative approaches. We discuss how the emerging combination of multiplexing with targeted
proteomics might enable the reliable and high-quality quantification of very low-abundance
proteins across multiple conditions. Lastly, we suggest that fusing multiplexed proteomics with
data-independent acquisition approaches might enable the comparison of hundreds of different
samples without missing values while maintaining the superb measurement precision and
accuracy obtainable with isobaric tag quantification.
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3.3: BACKGROUND ON PROTEIN IDENTIFICATION AND QUANTIFICATION IN
MASS SPECTROMETRY-BASED SHOTGUN PROTEOMICS
Throughout this paper, we will refer to proteomics methods that use isobaric tags to
analyze multiple protein samples as multiplexed proteomics. Multiplexed proteomics builds on
decades of technological development in proteomics prior to isobaric tags. To put multiplexed
experiments in context, we begin this review with an overview of protein identification methods
and alternative quantitative approaches. We then cover multiplexed proteomics techniques,
which involve the use of isobaric labeling. At the end of this review, we will discuss how
merging multiplexed proteomics with other quantification strategies might help to overcome
current technical limitations.
Throughout this review, we will only discuss bottom-up proteomics, where proteins are
first digested into peptides and the peptides analyzed with the mass spectrometer. An entire field
is devoted to the analysis of intact proteins via mass spectrometry, known as top-down
proteomics. For these approaches, we refer the reader to excellent reviews published
elsewhere.[1]
3.3.1: Peptide Identification in Shotgun Proteomics
Proteomic analysis is typically performed using liquid chromatography-mass
spectrometry (LC-MS).[2] For shotgun proteomics, protein samples derived from cell or tissue
lysate are digested into peptides with proteases like trypsin (Fig. 1A).[3] Trypsin cleaves, with
fairly high specificity, protein peptide bonds at the C-termini of arginine and lysine residues.[4]
To better probe the complexity of the proteolytic mixture, tryptic peptides can be fractionated
into multiple samples based on properties such as charge, size, polarity, or hydrophobicity.[5]
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The peptides in each sample are then separated using liquid chromatography (LC). The peptides
elute via a thin opening from the column directly in front of the mass spectrometer (MS).
Voltage between the column opening and the inlet of the MS leads to a process called
electrospray ionization (ESI). The eluting droplets undergo evaporation, concentrating positively
charged peptides until coulombic repulsion overwhelms surface tension and the droplets explode,
resulting in charged peptides in the gas-phase.[6]
The efficiency of the ionization process can differ by orders of magnitude for different
peptides.[7] Additionally, the efficiency of protein conversion into analyzable peptides can also
vary drastically due to different digestion efficiencies and/or peptide solubility. Therefore, the
number of ions inside the MS is not a direct readout of how many proteins were originally in the
sample. Because of this problem, MS is an inherently non-quantitative method and significant
additional efforts are required to obtain quantitative information.
Peptide molecules ionize before entering the mass spectrometer where researchers can
detect or filter them based on their mass-to-charge (m/z) values. Figure 1B shows the
chromatogram of the most abundant ion species collected during a typical ~2-hour experiment.
We call a spectrum of all the intact peptides eluting at a given time an MS1 spectrum (Fig. 1C).
The height of each peak reflects the number of detected ions.[8] The ~20k human proteins
generate ~106 possible tryptic peptides. With the resolving power of current mass analyzers, it is
not possible to identify peptides solely based on their intact masses. However, it is possible to
fragment peptide ions in a mass spectrometer at the weakest bonds (usually the peptide bond
between amino acids) by colliding them with inert gases. The resulting fragment ions are
analyzed in an MS2 or MS/MS spectrum, which can be used to identify the amino acid sequence
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and to detect post-translational modifications such as phosphorylation (Fig. 1D).[9] By
convention, the fragment ions containing the peptide’s N-terminus are called b-ions, and the
fragments containing the C-terminus are called y-ions.[10]
If all the b- or y-ions were formed and detected, then the differences in m/z values would
allow the peptide’s amino acid sequence to be determined de novo, since each genetically
encoded amino acid has a different molecular weight (except leucine and isoleucine). However,
the situation is typically not this ideal, and de novo peptide sequencing is not practical for most
spectra obtained from actual experiments. Instead, the analyzed samples typically come from
organisms for which we know all possible protein sequences and hence all possible peptides.
Rather than having to sequence peptides de novo from spectra, we typically only need to find the
most likely match to known amino acid sequences. To this end, theoretical MS2 spectra are
created for these peptides, based on all the b- and y-ions that can result from fragmentation. By
comparing the MS1 mass and the corresponding observed MS2 spectrum to the theoretical
spectra of possible peptides, the best match can be found, resulting in the peptide being assigned
to the spectrum.[11] Multiple search algorithms are available to automatically perform this
analysis.[11–12] Moreover, various machine learning strategies have been developed to
confidently assign spectra to peptides and proteins.[13]
3.3.2: Absolute and Relative Quantification in Proteomics Experiments
Given the intrinsic quantification limitations of mass spectrometry in quantitative
proteomics, we distinguish between absolute quantification (determining the absolute
concentration of a protein in a sample) and relative quantification (determining the relative ratio
of the amounts of a given protein in different samples). As discussed earlier, the efficiencies of
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turning protein concentrations into MS-signals are nonuniform and currently unpredictable. The
signal in the mass spectrometer is therefore only an indirect read-out for the abundance of a
peptide in solution.
For the relative quantification of proteins between two or more samples, their peptides
must first be relatively quantified from each sample and the data from multiple peptides
integrated to get a ratio for the overall protein.[14] The peak size corresponding to a peptide is
proportional to the number of peptide ions detected by the instrument. Since the ionization
efficiencies of different peptides are different, it is not possible to directly compare the MS signal
of different peptides to determine their abundance in a sample. However, it is possible to
compare peaks of the same peptide, with the same ionization efficiency, in different samples,
which is what relative quantification is based on.[15] All of the methods described below use this
as the basis for relative quantification of peptides, and ultimately proteins.
Absolute quantification in proteomics is usually an extension of relative quantification
methods that quantify relative to an added spiked-in standard, with known absolute
concentration. Due to the high costs of such standards, these experiments are typically limited to
studies of a smaller subset of the proteome.[16] While not directly correlated, the total ion-signal
of a protein seems to be related to its in vivo abundance via a power law.[17] Using an internal
standard, the absolute protein abundance for all proteins detected in a sample can therefore be
inferred, but this comes with a wide median ~2-fold error.[17b]
3.3.3 MS1-Based, Label-free Quantification
Currently, the most widely used form of quantitative proteomics is based on quantifying
the MS1 signal of peptides obtained from tryptic digestion. As there is no attempt to covalently
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modify the peptides, this version of quantitative proteomics is often referred to as label-free.
Label-free proteomics involves running different samples consecutively (Fig. 2A).[18] The MS1
signal for a given peptide is integrated over time from all the MS1 spectra in which it can be
observed (Fig. 2B, C). The obtained area under the curve is a measure of the total number of ions
for a given peptide. While this area is not a good read-out for the absolute amount of peptide in
the sample, the corresponding ion-counts (i.e., the area under the curve) for the same peptide in a
different sample can be used for relative quantification. [15, 19] These peptide ratios are then
combined to give a relative ratio of proteins. This can be done in a variety of ways, such as by
using the mean or median of (all or the top n) peptide ratios, taking a weighted average of
peptide ratios based on signal intensity, calculating the ratio of total peptide ion counts, or using
linear regression to fit a line through the peak intensities for each peptide.[20] If there are more
than two samples, pairwise protein ratios can be calculated using any of these methods and a
least-squares analysis can be used to interpolate relative protein amounts in each sample.[19]
MS2 spectra are required for peptide identification but their signal is typically not used for
quantification in these label-free approaches.
Compared to quantitation methods involving tags or labels, a label-free method avoids
additional expense and sample preparation steps. Furthermore, label-free quantification is
feasible on hundreds or even thousands of samples. On the other hand, there are some major
limitations to a label-free approach. A major limitation is the requirement for multiple runs,
which reduces throughput. Another drawback is the comparatively poor measurement precision,
with the median protein coefficients of variation (CVs) between replicates typically being
~20%.[19] Many less abundant proteins typically exhibit even larger variability, though this is
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also tends to be a problem for other quantification methods. This comparatively poor
reproducibility comes from each sample being run separately and data acquisition varying when
MS1 and MS2 spectra are obtained. Another major limitation of the label-free approach is that,
even in replicates, a significant fraction of peptides will not be detected in every sample. This is
known as the missing value problem.[21] One can decide to concentrate on the proteins
identified in every sample, but this will quickly reduce the number of quantified proteins to only
the most abundant proteins in all samples. However, some statistical methods have been
developed to tackle the missing value problem, and multiple papers have discussed the effective
imputation of missing values.[21–22] Jürgen Cox, Matthias Mann, and colleagues have
developed a system of tools, known as MaxLFQ, which imputes missing values by matching
retention times and m/z values between different samples.[19] The continuous improvement in
MS-technology enables faster and faster collection of MS2 spectra, which cover more and more
peaks from the MS1 spectrum.[23] These advances might help to overcome the missing value
problem in label-free quantification.
3.3.4: MS1-Based Quantification with Heavy Isotope Labeling
In contrast to label-free quantification, multiple methods label peptides with heavy,
nonradioactive, isotopes. Peptides can be either labeled in vivo e.g., by the addition of heavy
amino acids to tissue culture medium (SILAC, i.e., Stable Isotope Labeling with Amino acids in
Cell culture),[24] or in vitro, e.g., by performing chemical modifications after proteolytic
digestion.[25] Heavy isotopes, with the exception of deuterium, have essentially identical
chemistry and elution patterns as their light equivalents, but the mass spectrometer can easily
distinguish between their different mass-to-charge ratios. The main advantage of this approach is
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that samples can be labeled separately with different isotopes and then combined before injection
into the mass spectrometer. The samples can therefore be coanalyzed (Fig. 2D, E) and the
relative quantification occurs within a single experiment rather than between runs (Fig. 2E, F).
This inherently leads to much higher reproducibility (i.e., higher measurement precision) and
avoids the missing value problem of label-free approaches, provided the number of samples does
not exceed the maximum number of labelling combinations.[26] If there is no signal for a
peptide it is known to be below the detection limit rather than not being picked up by chance,
which can be the case for labelfree approaches.
The major limitation of using the MS1 signal to quantify isotopically labeled peptides is
that the complexity of the MS1 spectrum increases with the number of samples, as each sample
is isotopically labeled with a different mass. In practice, this limits the number of samples that
can be compared in a single experiment to 2 or 3.[26] A recent clever extension of SILAC can
avoid this limitation by using labels whose masses only differ by a few mDa.[27] However, these
experiments require current mass analyzers engineered to exceptionally high standards, which
hinders the technology’s wider application. Another limitation of MS1- based quantification is
that the number of ions that can be accumulated in the most commonly used high resolution
analyzer, the Orbitrap, is limited. The number of ions for low-abundance peptides can therefore
be very small if some very high abundant peptides coelute at the same time in the MS1 spectrum,
resulting in less precise quantification due to poor ion statistics. This limitation has been
somewhat alleviated by ion-mobility separation or BoxCar.[28]
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3.3.5: Data-Independent Acquisition
One feature common to the standard implementations of label-free and many other
quantitative proteomics methods is the Data-Dependent Acquisition (DDA) of MS2 spectra
(Figure 3A-D). Based on the MS1 spectrum, the instrument successively chooses the largest
peaks for acquisition of MS2 spectra and peptide identification (Fig. 3A).[29] Intuitively, this
makes sense, as the goal is to spend the limited number of MS2 spectra on the peaks in the MS1
spectrum, which can most likely be successfully identified and quantified (Fig. 3 B-E). However,
there are usually more peaks available than the MS can isolate for fragmentation and which
peaks are chosen is an inherently stochastic process. Which MS2 spectra are acquired and at
what time during the elution profile will differ from run to run even if the exact same sample is
reanalyzed.
Data-Independent Acquisition (DIA) was envisioned to overcome this limitation by
continuously and methodically collecting MS2 spectra covering the entire MS1 spectrum so that
for each m/z value information in the MS1 level and the MS2 level are available (Fig. 3F-J).[30]
Current instruments are not fast enough to collect enough MS2 spectra with the typically ~1 Th
(Dalton/elementary charge) isolation window. Therefore, wider windows are chosen to reduce
the number of MS2 spectra needed to cover the total m/z range, and so the resulting MS2 spectra
typically contain fragment ion series from multiple precursors (Fig. 3F). Another alternative is to
simultaneously isolate multiple small MS2 windows.[31] This results in a very complex series of
MS2 spectra which are more difficult to analyze than in DDA methods (Fig. 3H). The Aebersold
group introduced an approach, known as SWATHMS to analyze these complex spectra, using
prior knowledge of peptides’ chromatographic and mass spectrometric behavior.[30b] This
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approach was recently reviewed by Ludwig et al., who described improvements to DIA and how
SWATH-MS can be used to analyze both total cell lysates and protein samples enriched for
post-translational modifications.[32] The recent drastic improvements of DIA measurements are
mostly due to computational advances.[33] The major advantage of DIA is its coverage: every
peptide is fragmented multiple times. Due to this, DIA does not have as severe of a missing
value problem as label-free DDA approaches. DIA seems particularly attractive when comparing
many samples. For quantification via DIA, either MS1 or MS2 spectra can be chosen, though
MS2 quantification is predominantly used (Fig. 3I, J).[30b,30c] While currently DDA and DIA
acquisition strategies are mutually exclusive, the rapid advance of instrument speed will likely
result in the two different approaches merging.[23] Once the instrument is fast enough to
continuously cover the entire precursor space with the small (~1 Th) windows commonly used
for DDA strategies, the DDA and DIA methods may start to become identical in terms of
window size and breadth of coverage.
3.4: MULTIPLEXED PROTEOMICS WITH ISOBARIC LABELING
The methods discussed so far have key limitations. Label-free quantification provides
comparatively poor measurement precision. Additionally, missing values of peptides that are
only identified in some samples are hard to interpret even qualitatively. While MS1-based
isotope labeling offers exquisite quantification for more abundant peptides, it suffers from a lack
of multiplexing capability, because, as the number of samples increases, so does the complexity
of the MS1 spectrum. DIA mostly overcomes the missing value problem of a label-free approach
but samples are still analyzed one at a time, limiting measurement precision and requiring lots of
instrument time.
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3.4.1: Principles of Quantitative Multiplexed Proteomics
Multiplexed proteomics, based on isobaric mass tags, promises to overcome or at least
mitigate these limitations.[34] The most commonly used isobaric tags are TMT[35] and
iTRAQ[36] , which are both commercially available, but there are other isobaric tags we will
describe later. Isobaric tags are reagents used to covalently modify peptides, using the heavy
isotope distribution in the tag to encode the different conditions, and are generally added after
digestion. Unlike the isotopic labeling methods such as SILAC that were discussed earlier (Fig.
2D-F), each variant of an isobaric tag set has an identical total mass. The only difference is how
the heavy isotopes are distributed among the tag, since each tag contains a site that fragments in
the MS2 spectrum, resulting in reporter ions with different masses depending on which sample
the peptide originated from. In addition to the reactive group, which reacts with the peptide, each
tag contains a reporter group with differential number of heavy isotopes. To keep the total mass
of the tag constant, the number of heavy isotopes on the mass balancer group is adjusted
accordingly (Fig. 4A). Identical peptides from different samples elute at the same time and
therefore appear as a single peak in the MS1 spectrum.
This is a major advantage, since the complexity of the MS1 spectra does not increase
significantly with the number of samples. Complexity only increases with the addition of new
proteins in the new samples. This is in contrast to SILAC-like experiments, where even
comparing replicates will double the number of peaks in the MS1 spectra. Therefore, the number
of conditions that can be compared with isobaric tag experiments in a single experiment is higher
(currently up to 11) than with SILAC-like methods. Quantification occurs after isolation and
fragmentation of these labeled peptides in the MS2 spectrum (Fig. 4B). Usually, the amount of

52

energy added for fragmentation is only enough for one bond to break. This could either be a
peptide bond on the backbone or the intended breakage point in the isobaric tag. Each tag has
several heavy isotopes that are distributed differently relative to this fragile bond. Upon
breakage, the isobaric tag produces low m/z reporter ions that contain different masses
depending on the condition they come from and can therefore be used for relative quantification
(Fig. 4B). Additionally, the breakage of the isobaric tag leads to the formation of complementary
reporter ions, which contain the balancing part of the isobaric tag and the intact peptide{Wuhr,
2012 #8} or fragment ions, which result from breakage in the peptide backbone and the isobaric
tag.[37] The balancing group of the isobaric tag also encodes the experimental conditions and the
complementary reporter ions can therefore be similarly used for quantification (Fig. 4B).[38] We
will discuss later the key advantages and disadvantages of the utilization of the different reporter
ions for quantification. The complementary reporter ions were noticed, e.g., by the Mechtler
group, but were not initially used for quantification.[39] . Instead, they removed these peaks to
increase peptide identification success-rate. Using the complementary reporter ions for
quantification is similar to an approach by Yan et al., who labeled peptides differentially on their
N- and C-termini with heavy isotopes to generate isobaric peptides. The authors used the
fragment ions for quantification.[40]
Although the labeling step after protein digestion could introduce some variability, and
though there is a limit to the number of samples that can be labeled by an isobaric tag system,
there are many advantages of isobaric tags that make up for these. The ability to analyze many
samples at once mostly circumvents the missing value problem. If no signal is detected for a
peptide in a particular condition it can be inferred that the peptide is indeed much less abundant
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than it is in the other conditions. It is still possible for peptides to be excluded from MS2
fragmentation, but since all samples have peptides eluting under the same peak, all labeled
versions of the same peptide with either be isolated together or none at all. Another major
advantage is the inherent high reproducibility between samples due to the samples being
combined after labeling and co-analyzed. Compared to MS1 quantification methods like SILAC,
data quality is even further improved because each analysis heavily enriches the peptides of
interest in the MS2 spectrum, where quantification occurs, resulting in peptide ion statistics even
for low-abundance peptides.[41] Multiplexed proteomics therefore demonstrates very high
reproducibility with CVs of ~5% and very few peptides with CVs above 10%.[42] The last major
advantage, at least compared to label-free quantification, is that throughput is markedly
increased, since all samples can be shot in one run. This limits expense and makes it compatible
with the analysis of pre-fractionated samples[43] . For equivalent amounts of machine time, this
results in significantly more proteins that can be quantified compared to label-free
approaches.[42,44] Together, these benefits make multiplexed proteomics a very attractive
option for relative quantification.
3.4.2: Main Problem of Multiplexed Proteomics: Interference/Ratio Distortion
In the previous section we discussed the principles and promises of multiplexed
proteomics. However, in its initial implementation, the method came with a major measurement
artifact, ratio distortion. In Figure 4, we pretended that it is possible to specifically isolate one
peptide of interest. For technical reasons, however, the smallest possible isolation window
currently achievable with a mass filter (e.g., a quadrupole) is approximately 0.5 Th.[45] In
complex mixtures, like tryptic digests derived from cell lysates, whenever a peptide is isolated in
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the MS1 spectrum for MS2 analysis, other peptides with similar m/z values will nearly always be
co-isolated (Fig. 5A).[46] Since both the target peptide and the contaminating peptides carry the
same reporter groups, after MS2 fragmentation the reporter ion signal for that particular isolation
will be a combination of reporter ions stemming from the peptide of interest and from all other
contaminating peptide ions (Fig. 5B). Nearly all measurements are therefore distorted, often to a
significant extent. In general, these contaminating ions tend to bias the relative ratios between
different conditions towards a 1:1 ratio.[46c] This distortion tends to be more significant for
low-abundance peptides, where the interfering signal is relatively greater. However, it is also
possible that a 1:1 peptide is distorted by a changing contaminant resulting in unsubstantiated
measurements of changes. [47] Despite these problems, many groups successfully use
multiplexed methods which are vulnerable to interference.[48] For some studies, the qualitative
knowledge on which proteins change are sufficient. However, if one is interested in the
quantitative change of protein expression levels, addressing interference is essential.[46b,46c,49]
Recently, multiple statistical methods have been suggested to bioinformatically correct for this
distortion.[50] Nevertheless, the best sample quantification can currently be obtained by
applying experimental remedies for this major problem, which we will discuss in the following
section.
3.4.3: Overcoming Interference with further gas-phase purification (Quantmode, MS3)
One of the earliest methods to reduce interference from contaminating ions is an
approach known as QuantMode.[46b] This method reduces the charge of all peptides by one.
After isolation of the new desired m/z window, interfering peptides with similar mass but
different charge than the targeted peptide are removed. QuantMode was thus able to significantly
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reduce interfering ions, resulting in more accurate quantification. The main drawback of the
method is that interfering ions of the same charge as the target ion can still be co-isolated.
Additionally, the proton transfer process, which alters the ion charge, is comparatively slow,
resulting in fewer collected spectra and a shallower assaying of the sample.
Currently, the most widely used approach to counteract ratio distortion involves a further
fragmentation and isolation step to produce an MS3 spectrum.[46c] An MS3 spectrum results
from the isolation of ions in the MS2 spectrum and their further fragmentation (Fig. 6A-C). This
filters out the interfering peptides, allowing the target peptide to be quantified more accurately.
The original version of the MS3 method only isolated a single isobaric-taglabeled fragment ion
from each MS2 spectrum, which greatly reduced the sensitivity of the quantification.[46c] This
drawback was overcome by a more advanced method called MultiNotch MS3.[47] The use of
isolation waveforms with multiple frequency notches enables the simultaneous precursor
selection (SPS) in the linear ion trap.[51]
With this approach multiple fragment ions from each MS2 spectrum are simultaneously
isolated, resulting in greater sensitivity (Fig. 6A-C). Thermo Fisher Scientific commercialized
this approach on the Orbitrap Fusion and Lumos mass spectrometers. As a result, MultiNotch
MS3 is now widely used and currently considered state-of-the-art, able to detect ~10% changes
in protein abundance with high confidence.[52]
Despite this, there are a number of limitations to the MS3 approach. Perhaps the most
significant disadvantage is the requirement for additional MS scans. This results in a loss of ions,
and comparatively slow cycle times. Furthermore, the MS3-based methods require
instrumentation that is more complex and expensive. Finally, even MultiNotch MS3 fails to
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completely remove interference, especially for peptides with low abundance, since interfering
ions in the MS2 spectrum are still co-isolated into the MS3 spectrum (Fig. 6C). [42, 52a] . It is
likely that MultiNotch MS3 data-quality can be further improved by setting the notches in a
peptide specific manner. For shotgun approaches, this would require the ability to identify MS2
spectra immediately after their acquisition and before the corresponding MS3 scan. [53]
Another approach to reduce interference is ion mobility spectrometry. [28b, 54] This
separation method, which is orthogonal to the LC and the m/z analyzers, promises to reduce ratio
distortion, since interfering ions will be separated from the peptide of interest
3.4.4: Overcoming Interference with the Complement Reporter Ion-Based Approach
(TMTc).
An alternative method to overcome the ratio distortion problem is based on the
complementary fragment ions in the MS2 spectrum.[38] When an isobaric tag (e.g., TMT)
breaks it produces a low m/z reporter ions but also the intact peptide with the balancing group of
the isobaric tag still attached (Fig. 4B). Due to their complementary nature, these were named
complementary reporter ions, or TMTc ions when the experiment is performed with TMT tags.
Although TMTc-based methods have not been widely used outside of our lab, we think that they
provide a viable alternative to the more prevalent MS3-based methods.
TMTc ions containing the same peptide differ in mass depending on the experimental
condition, just as the low m/z reporter ions do. These TMTc ions can therefore also be used for
multiplexed quantification (Figure 6D-E). The key advantage of using TMTc over low m/z
reporter ions for quantification is that any interfering peptides typically will have slightly
different masses compared to the target peptide. The ability to distinguish different TMTc
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masses in the Orbitrap is ~100-fold higher than the lowest feasible resolving power of the
quadrupole ion isolation. TMTc is therefore much more robust to interfering ions than the
standard MS2 approach. TMTc is even able to outperform MS3-based methods in terms of
measurement accuracy.{Sonnett, 2018 #129} Furthermore, compared to Quantmode or
MultiNotch MS3, TMTc does not require an additional fragmentation step, saving time and in
principle increasing sensitivity. Because no higher order scans are required, the complement
reporter ion approach can be performed on comparatively simple instruments like quadrupole
Orbitraps or QTOFs.
Figure 6 heavily simplifies the actual picture by portraying a single peak corresponding
to each peptide. In reality, peptides elute as an isotopic envelope of multiple peaks, spaced apart
by 1 Th due to the natural frequency of 13C, 15N, 18O, and other heavy isotopes, in biological
molecules. When the entire isotopic envelope of a peptide is isolated, the complement reporter
ion cluster has to be deconvolved from the isotopic envelope of the precursor peptide.[38] This
deconvolution process results in a loss of quantitative precision. In order to combat this
shortcoming, we have developed a refinement of the TMTc deconvolution method known as
TMTc+.[42] The TMTc+ method uses a narrow isolation window. In the extreme case, where
only one precursor peak is chosen, the deconvolution becomes similar to the simplified cases
represented in Figure 6, and only isotopic impurities have to be accounted for. The resulting data
comes with a drastic improvement of measurement precision while still preserving the superb
measurement accuracy.
Despite the promises of the complement reporter ion approach, several key limitations
remain: At high m/z values, mass spectrometers cannot distinguish the extra neutron in heavy
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nitrogen or carbon in commercial isobaric tags with currently feasible resolving power. Also,
with MS2 or MS3 approaches, up to 11 conditions can currently be compared, but only 5 TMT
channels are currently distinguishable with the complement reporter ion strategy (Fig. S1). This
lowered multiplexing capacity is a major drawback to the TMTc method, but future isobaric tags
should be able to address this limitation. Furthermore, emerging super-resolution approaches are,
at least in principle, able to further increase multiplexing capacity by providing the resolving
power to distinguish the extra neutron in different elements even at high m/z regions.[55]
Another major hurdle is the poor formation of the complement reporter ions. Commercially
available tags were not intended for this purpose and the complement reporter ions form
inefficiently. Recently, two tags (the SO-tag and EASI-tag, further discussed below)[37,56] were
designed specifically for the formation of the complement reporter ions. But while the
complement forms efficiently, they come with the drawback of making identification of peptides
difficult, since breakages of both the tag and the peptide backbone can occur, leading to many
additional peaks, which are not classical b- or y-ions and are not recognized by standard search
algorithms. The advantageous combination of measurement sensitivity, precision, and accuracy
of TMTc+ make it our current method of choice for most experiments in our laboratory.
Nevertheless, many shortcomings remain, and considerable extra effort will be required to
exploit the method’s full potential
3.4.5: Overview of different Isobaric Tags
All isobaric tags contain a functional group that enables covalent attachment to peptides.
Typically, this group reacts with primary amines on a peptide’s N-terminus or lysine sidechains,
as is the case here. However, some tags react with carbonyl or sulfhydryl groups.[57] In addition,
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all isobaric tags contain a reporter group and a mass balancer group (Fig. 7A). The total number
of heavy isotopes in the tag is constant, making them isobaric in the MS1 spectrum. However,
the distribution of the heavy isotopes between the reporter and balancing group differs for the
different conditions (Fig. S1).
Isobaric tags were first introduced by Thompson et al. for the relative quantification of
peptides.[34] The original tag was a 2-plex called Tandem Mass Tag (TMT) (Fig. 7A). While
this original TMT tag was used to prove an important new concept, the structure was
comparatively bulky, which led to additional unintentional fragmentation patterns, poor
ionization properties, and poor identification success rates. Thompson and colleagues further
developed the tandem mass tag into the significantly smaller version currently available
commercially from Pierce (Fig. 7B).[35] This TMT tag is currently able to encode up to 11
different conditions (Fig. S1). To obtain this high multiplexing capacity, a mass analyzer is
required that can distinguish between the additional neutron masses in 13C versus 14N, which
differ by 6 mDa (Fig. S1).[58]
An alternative commercially available tag from AB Sciex is the isobaric Tag for Relative
and Absolute Quantification (iTRAQ) (Fig. 7C). The structure, shown in Figure 7C, can encode
up to four different conditions.[36] An 8-plex iTRAQ is also commercially available, but to our
knowledge, its structure has not been published.[59] Pichler et al. have found that 4-plex iTRAQ
has a higher peptide identification rate than 8-plex iTRAQ or 6-plex TMT.[39] The authors
conclude that the 8-plex iTRAQ may suffer due to the appearance of fragment ions from the
larger tag in the MS2 spectrum, which they suggest hinders peptide identification. This indicates
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that isobaric tags should be designed to be as small as possible while allowing sufficient
multiplexing capacity.
An alternative to the commercial tags are the N,N-Dimethyl Leucine (DiLeu) tags (Fig.
7D). [60] These tags contain a reporter group consisting of a dimethyl amine connected to a
leucine side chain, and a mass balancing group consisting of the CO-atoms of the carboxyl
group. These DiLeu tags were originally 4-plex. Using deuterium isotopes as labels, Frost et al.
reported an upgraded version of DiLeu that increased its multiplexing capacity to 12.[61]
Nevertheless, deuterium-labeled peptides typically show different elution profiles compared to
unlabeled peptides. For MS1 based quantification this can be acceptable, as the entire elution
profile can be integrated (Fig. 2F).[24] However, for multiplexed proteomics typically only one
MS2/MS3 spectrum is acquired per peptide. Differential elution profiles in different channels
could therefore lead to serious quantification artifacts.
A clever set of isobaric tags was showcased by Braun et. al. (Fig 7E).[62] Known as
Combinatorial isobaric Mass Tags (CMT), the fragmentation of these molecules results in
multiple reporter ions. Because of this, their multiplexing capacities are larger compared to
conventional tags of comparable size and number of heavy isotopes. Nevertheless, the
quantification depends on a deconvolution approach, which comes at the cost of measurement
precision, particularly if interfering ions alter the true peptide ratios. The CMT publication
demonstrates a 6-plex version by using two different reporter ions. Furthermore, by taking into
account a 3rd reporter ion that was also detected, the chemical structure of the tag allows for
28-plex tags when utilizing the 6 mDa spacing between heavy carbon and nitrogen. These high
values are achieved with just 5 heavy isotopes on each tag.
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Motivated by the inefficient formation of the complementary reporter ions (Fig. 6B) from
the commercial isobaric tags, Stadlmeier et al. developed a sulfoxise-based tag, known as the
SulfOxide Tag (SOT) (Fig. 7F).[37] In this tag, the reporter and balancer groups are linked by a
sulfoxide group. This allows the tag to be fragmented at low energies, increasing the yield of
complementary reporter ions. Indeed, the SO tag is much more favorable to fragmentation
compared to the peptide backbone, and so typically plenty of signal is available for
quantification. An interesting idea put forward with this paper was quantification using the
complementary b- and y-ions. These are the fragment ions that develop when both the isobaric
tag and the peptide backbone break. Like the complementary reporter ions that result from only
the breakage of the isobaric tag, these ions also encode the different sample conditions.
Another sulfoxide-based was recently developed by Virreira Winter et al., known as
EASItag (Easily Abstractable Sulfoxide-based Isobaric tag) (Fig. 7G).[56] The EASI-tag also
contains an asymmetric sulfoxide bond that is cleaved at relatively low energy. The authors used
a shifted isolation window of 0.4 Th to isolate a single MS1 peak in the isotopic envelope,
making deconvolution easier when the pseudo-monoisotopic peak is isolated. Another interesting
novelty of the EASI-tag is that the low m/z reporter ion equivalent is a neutral loss, which makes
quantification only possible via the complement reporter ions.
Both sulfoxide-based tags, SOT and EASI-tag, seem to suffer from comparatively poor
success-rates in identifying peptide spectra (Fig. 1D). This is because the tags fragment much
easier than the peptide backbone. Typically, the b- and y-ions additionally lose the low m/z
reporter part of the isobaric tag, resulting in peaks that standard search algorithms will not
consider for identification. Improved search algorithms that consider these ions might mitigate
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this problem. However, the spectra are much more complex, and it is not clear how much
adapted search algorithms will be able to overcome this major limitation, which results in
comparatively few quantified peptides and ultimately proteins. We believe the most promising
way forward for complement reporter ion quantification is the development of new chemical
structures that balance the formation of complement reporter ions with the ability to reliably and
efficiently identify peptides.
3.5: EMERGING MULTIPLEXED PROTEOMICS TECHNOLOGIES
Multiplexed proteomics in its current form is highly attractive and well suited for many
studies. However, significant shortcomings remain. Among them are the difficulties in detecting
low-abundance proteins. These are often some of the most interesting proteins, such as
transcription factors or signaling molecules. To overcome these limitations, we discuss the
emerging fusion of targeted proteomics with multiplexing technologies to reliably reach
low-abundance proteins. Another major limitation of multiplexed proteomics is the maximal
multiplexing capacity. The current limit, with TMT tags, is 11-plex. But for many studies, it is
desirable to compare hundreds or even thousands of different samples. In principle, these can be
split into several 11-plex experiments, but then similar to label-free approaches, some peptides
will only be analyzed in a subset of the experiments. The interpretation of these missing values is
difficult. Additionally, quantification between 11- plexes is challenging. Here, we suggest the
fusion of the complement reporter ion quantification strategy with DIA approaches to enable the
comparison of hundreds of samples with few missing values and high measurement quality.
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3.5.1: Targeted Multiplexed Proteomics
So far, the methods we described involve analyzing protein samples globally, with the
aim of identifying and quantifying as many proteins as possible. However, it is also possible to
sacrifice global coverage and focus the limited ion injection times on peptides of a few (~100)
proteins of particular interest. Such approaches are called targeted proteomics.[63] By
predefining the data acquisition towards specific ions that elute at specific times, targeting, at
least in principle, enables detection and quantification of much less abundant peptides that could
otherwise be overlooked. Although this approach requires a significant amount of setup, it can be
used to analyze low-abundance peptides which would be missed by a shotgun approach.
The simple combination of targeted proteomics with an isobaric MS2 approach is not
attractive. The interference problem is especially problematic for low-abundance peptides and
quantification would be very unreliable and likely severely distorted (Fig. 5). However, the
reduction of ratio distortion using MS3-based methods made targeted multiplexing of
proteolyzed cell lysates more feasible (Fig 6A). As a result, Erickson et al. developed a targeted
multiplexing method known as TOMAHAQ.[64] In this method, samples were spiked with
trigger peptides labeled with TMT0, which is the standard TMT structure without any heavy
isotopes. This resulted in the trigger peptides eluting simultaneously at a known m/z offset away
from the target sample peptides in the MS1 spectrum, which were labeled with standard TMT
10-plex labels. The spiked-in trigger peptides were sufficiently abundant to be consistently
observed in the MS1 scan. The instrument was programmed to isolate and fragment the sample
peptides at the known mass offset, even if there were no detectable peaks from the target
peptides at that m/z. The notches for the MS3 scan were preprogrammed to fit the peptide of
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interest and to be specific for fragment ions containing an intact TMT tag. Furthermore, this
approach was refined by selecting in real time from the MS2 spectra only those b- and y-ions
that had minimal interfering ions. This allowed the researchers to obtain accurate quantifications
of even dilute peptides, which suffer from significant interference even in the standard SPS-MS3
method.
While this MS3-based method has proved critical to targeted multiplexed proteomics, the
complement reporter ion approach is, in our opinion, particularly attractive for this purpose (Fig.
6B). The complement reporter ion strategy is superbly able to distinguish signal from interfering
background noise, and the lack of an additional gas-phase isolation makes it, at least in principle,
more sensitive. Thus, we believe that for a targeted approach, the use of complementary b- and
y-ions could be particularly attractive as this would provide an additional layer of distinction
(besides the precursor mass) and allow the separation of signal even for isobaric peptides with
nearly identical elution times.
3.5.2: Fusing Multiplexed Proteomics with Data-Independent Acquisition
Currently, multiplexed proteomics is very attractive when comparing up to 11 samples,
the maximal number that can be analyzed in a single experiment. However, many studies require
the comparison of hundreds or even thousands of different conditions. In such scenarios,
multiplexed experiments suffer from the missing value problem, similar to label-free approaches.
Additionally, it is hard to compare proteins quantified in one 11-plex with another 11-plex.
Often, so-called bridging channels are used, which are analyzed in all experiments.[65]
However, it is possible that these do not contain a subset of proteins or contain it at a
significantly different concentration than the other analyzed samples. In such cases, the
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quantification between two 11-plexes relies on the ratios of unreliable ratios. Currently, the best
remedy for quantitative comparison of many samples might be DIA approaches. However, these
come with comparatively low measurement precision and inefficient instrument time usage. A
fusion of DIA with isobaric labeling approaches might be able to combine the advantages from
both methods.
Since DIA involves fragmenting all the MS1 ions in a certain mass range (Fig. 3F-G), it
is incompatible with MS2 or MS3 methods using the low m/z reporter ions (Fig. 5, 6A-C).
However, for multiplexed methods based on the complement reporter ion approach the reporter
ion signal is precursor specific (Fig. 6D-E). Complement ions from different peptides would
have different masses and would be distinguishable (Fig. 8). In a proof of principle, we have
already demonstrated the quantification of two different peptides in one spectrum.[38]
Particularly attractive might be the use of b- or y-ions that additionally have a broken isobaric
tag, thereby forming complementary fragment ions which can also be used for
quantification.[37] Regardless, several hurdles have to be overcome to make this approach
feasible. Simultaneously fragmenting all of the precursor ions within an m/z range will give a
very complex MS2 spectrum, both due to the large number of isolated peptide species and due to
the differing masses of the complement reporter ions, which will likely make the analysis quite
challenging. Although interference will lead to some ratio distortion, the combination of multiple
quantification events over multiple spectra might provide enough data to overcome such
challenges. Additionally, the very wide isolation windows will require deconvolution of the
isotopic envelopes. Isobaric tags with multiple Dalton spacing might make this approach more
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feasible with high measurement precision. Despite these challenges, a successful fusion of DIA
with multiplexing could be a highly attractive method.
3.6: CONCLUSION
Multiplexed proteomics in its current form is highly attractive and often the best suited
quantitative proteomics option for many studies. The higher throughput enabled by multiplexing
has made it possible to analyze hundreds of samples with reasonable depth [66] . Over the last
several years, remarkable technological progress has been made, particularly in addressing ratio
distortion, the major shortcoming of multiplexed proteomics. Currently, isobaric tag-based
multiplexed proteomics can accurately, precisely, and sensitively quantify thousands of proteins
simultaneously across up to 11 samples. With the resulting data, changes of less than ~10% can
be detected with high confidence. Despite these advantages, major limitations remain. One major
remaining hurdle is the reliable quantification of low-abundance proteins. Emerging methods for
targeted multiplexing promise to overcome the problem of quantifying low-abundance proteins
across multiple conditions. Another major remaining challenge is how to quantify protein
abundances among hundreds of samples while limiting missing values. In this review, we
suggested that the fusion of DIA with the complement reporter ion approach might be able to
unite the best of both worlds.
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Figure 3.1: Outline of peptide identification with shotgun proteomics.
A) A sample of proteins is digested by trypsin, which cleaves peptide bonds at the Cterminus of
lysine and arginine residues. The example peptide EIQTAVR, which we follow throughout this
figure, is shown in blue. To reduce complexity, the peptides are separated by liquid
chromatography (LC), ionized via electrospray, and injected into the mass spectrometer (MS). B)
Plotted is the chromatogram of the most abundant peak at each retention time. The blue and
green peptides elute at different retention times. C) At any given time, e.g., when the blue
peptide elutes, multiple different peptides co-elute. The mass spectrometer can typically
distinguish them by their mass to charge ratio (m/z). The mass spectrum of the intact peptides is
called the MS1 spectrum. The peak corresponding to the peptide EIQTAVR is highlighted in
blue. D) In complex mixtures, mass alone is not enough for peptide identification. Inside the
mass spectrometer, a peak corresponding to a peptide is isolated and fragmented by collision
with inert gas. The fragment ions’ m/z values, derived from the blue peptides, are recorded in the
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MS2 spectrum. By convention, peptide fragments containing the N-terminus are called b-ions,
while fragments with the C-terminus are called y-ions. The characteristic masses of the fragment
ions, together with the precursor mass from the MS1-spectrum, are typically sufficient to identify
a peptide unambiguously.
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Figure 3.2: Outline of label-free and SILAC quantification.
A-C) Principles of label-free quantification. A) In label-free quantification, multiple protein
samples are digested with trypsin (which cleaves after K or R). The resulting peptides are
separated via liquid chromatography (LC) and ionized before entering the mass spectrometer
(MS). Shown throughout are two peptides. The one ending in K has equal concentration in the
two analyzed samples, and the one ending in R is concentrated 2-fold higher in the experimental
sample compared to the control. B) The MS1 spectrum records the number of ions for various
m/z values of the intact peptide eluting at a given time. C) The elution time of a peptide takes
~20 seconds. During this time, ~10 MS1 spectra are collected, each showing the peptide at
potentially different intensities. The integration of this intensity over time approximates the total
number of ions ionizing into the mass spectrometer. D-F) Principles of MS1 based quantification
via heavy isotope labeling (e.g., SILAC). D) In SILAC, cell samples are grown either in media
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with amino acids with naturally occurring isotopes (light) or media where amino acids (K and R)
contain heavy isotopes (here 6). Importantly, the heavy isotopes do not alter the chemical
properties of the peptides. Cells are lysed and combined. The proteins are digested together, and
the resulting peptides are simultaneously separated via LC and ionized before entering the mass
spectrometer. E) Peptides in the heavy sample are shifted to the right on the MS1 spectrum
compared to those from the light sample. Ratios between peak sizes within one spectrum can
thus be used for relative quantification. F) To utilize all available information, typically the ion
intensity is integrated over the entire elution profile.
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Figure 3.3: Comparison of Data-Dependent and Data-Independent Acquisition approaches.
A-E) Data-Dependent Acquisition (DDA). A) The goal of DDA is to identify as many peptides
as possible, one at a time. The highest peaks in the MS1 spectrum are selected for isolation, with
an isolation window of ~1 Th. Peptides in this window are isolated and fragmented for readout in
the MS2 spectra. B) Shown is the sequence of MS1 spectra (black) and the data-dependent MS2
isolation windows (dark red), centered on the highest abundant peaks. Each MS1 is followed by
multiple MS2 spectra - with current instrumentation and duty cycles of ~2 seconds this would be
~30 MS2 spectra following each MS1 spectrum. C) The MS2 spectrum resulting after isolation
and fragmentation consists mainly of b- and y-ions from the target peptide, which allows for
comparatively simple peptide identification. D) For quantification, e.g., with label-free
approaches, the peptides in the MS1 spectrum are continuously monitored via the peak
intensities in the MS1 spectra. Shown are the retention profiles for various peptides - the area
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under this curve is typically used for peptide quantification. The black line represents the single
MS1 scan shown in B. E) Shown here are peaks for the b- and y-ions for the green and blue
peptide. A peptide is typically only isolated once for MS2 analysis, the peak height cannot be
used for quantification. Not all peaks in the MS1 will trigger the collection of an MS2 spectrum
(peaks for the red peptide are missing). Additionally, low-abundance peaks might be below the
detection limit in the MS1 spectrum and thus cannot trigger MS2 spectra. The dark red line
represents the single MS2 scan shown in C. F-J) Data-Independent Acquisition (DIA). F) The
goal of DIA is to continuously collect fragment ion intensities for all eluting peptides. To make
this approach compatible with current MS speed requires significantly wider isolation windows
(~10 Th) compared to the DDA approach (~1 Th). All the ions within this comparatively wide
isolation window are isolated and simultaneously fragmented. G) Shown is the schedule of MS1
spectra (black) and the isolation windows of MS2 spectra (red). H) The simultaneous isolation
and fragmentation of multiple peptides results in a complex MS2 spectrum consisting of b- and
y-ions from all isolated peptides. I) Similarly to DDA, MS1 intensities of peptides are collected
and can be used for quantification. The black line indicates the time for the MS1 spectrum in G.
J) Unlike in the DDA equivalent, ion intensity information for b- and y-ions are available
throughout the entire elution profile for each peptide. This makes it possible to use fragment ion
intensities for quantification. Because the entire m/z space is continuously covered, information
for more peptides than with the DDA approach is available. Here, the red peptide’s abundance
can be quantified. The dark red line represents the single MS2 scan shown in H
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Figure 3.4: Outline of multiplexed proteomics with isobaric tags.
A) Isobaric tags have the same total mass, but differing distributions of heavy isotopes between
the reporter group and mass balancer. Heavy isotopes are shown as asterisks. Peptides from 4
different samples are labeled with tags of the same mass, resulting in a single MS1 peak which
can be isolated. With more tags (conditions), the complexity of the MS1 spectrum does not
increase. This makes isobaric tags compatible with higher multiplexing (currently up to 11)
compared to e.g., SILAC (see Fig. 2). B) After a peptide is isolated based on the MS1 spectrum,
fragmentation will either cleave off the reporter ions, or lead to fragmentation of the peptide
backbone. The reporter ions show different masses in the MS2 spectrum and can be used for
relative quantification. Similarly, the intact peptide with the balancing groups, i.e., the
complementary reporter ions, can also be used for quantification. The b- and y-ions are used for
peptide identification (see Fig. 1).
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Figure 3.5: The problem of multiplexed proteomics: ratio distortion.
A) Even when using the smallest technically possible isolation window centered on a peptide of
interest (red and dark blue), in a real experiment, other peptides with similar m/z and retention
time will be co-isolated (pink and light blue). These interfering peptides will also be labeled with
identical isobaric tags. B) Upon co-isolation and co-fragmentation, in the MS2 spectrum the low
m/z reporter ions are identical, regardless of origin, and distort the quantification. Most
background peptides tend to not change, showing a 1:1 ratio between control and experiment.
The observed ratio for a peptide of interest, which changes 2-fold between control and
experiment, will typically be compressed towards a 1:1 ratio.

81

Figure 3.6: Strategies to overcome ratio distortion.
A-C) Overview of the MultiNotch MS3 approach A) The MultiNotch MS3 method acquires an
MS2 spectrum similar to the standard approach by isolating a target peptide (red and dark blue),
along with interfering peptides (pink and light blue). This spectrum is used for peptide
identification. B) Instead of quantifying the reporter ions in the MS2 spectrum, the highest
abundant peaks, which typically are b- and y-ions from the peptide of interest, are
simultaneously isolated and further fragmented for an MS3 spectrum. C) Reporter ions in the
MS3 spectrum are used for quantification. The additional gas-phase purification typically leads
to removal of most interfering signal. While not perfect, the measured ratios are typically
significantly more accurate than with a standard MS2 approach. D-E) Overview of the
complementary reporter ion quantification strategy. D) For the complementary reporter ion
method, a standard MS2 spectrum is acquired, which will coisolate and co-fragment the peptide
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of interest and interfering species. E) The low m/z reporter ions show interference, as discussed
in Figure 5. However, this method involves analyzing the complement reporter ions in the MS2
spectrum, where the peptide is still attached to the mass balancer group. Since the target peptide
and interfering peptides typically have slightly different masses, this allows them to be
distinguished with a high resolution mass analyzer like an Orbitrap. The results are significantly
more accurate quantification compared to MS2 and even the MS3 approach. While interference
still will occasionally lead to ratio distortion, to our knowledge this method currently generates
the most accurate data.
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Figure 3.7: Overview of isobaric tags.
In each structure, asterisks denote heavy isotopes. The black part of the structure indicates the
reporter part, the balancing group is blue, and the leaving group, which is removed after the tag
reacts with the peptides, is red A) The original 2-plex TMT from Thompson et al. B) Current
commercial TMT, which can encode up to 11 different conditions (See Fig. S1 for heavy isotope
distribution). C) In the iTRAQ structure, the marked oxygen can be either 16O or 18O. D) The
DiLeu-tag is a 4-plex tag developed by Xiang et. al. E) Braun et al. developed combinatorial
tags. These tags generate multiple reporter ions, which allows for high multiplexing capacity for
a given number of heavy isotopes. After fragmentation at the shown cleavage site reporter 1
forms. However, this further fragments into reporter 2 and a neutral loss. F) Stadlmeier et al.
developed the sulfoxide-based tag, which is optimized for complement reporter ion formation
due to fragmentation of the sulfoxide bond at lower energies. The two tertiary amines result in
higher charge states of peptides after ionization and further facilitate fragmentation. G) The
EASI-tag developed by Winter et al. similarly fragments comparatively easily. The “reporter”
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part of the EASI-tag is a neutral loss. Therefore, quantification with the EASI-tag is only
possible via the complement reporter ions.
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Figure 3.8: Proposed fusion of DIA with multiplexed proteomics.
A) Peptides would be labeled with isobaric tags similar to a normal multiplexing experiment. For
sake of simplicity, we only show two conditions. Like in a normal DIA workflow, all the peaks
within a certain wide m/z window in an MS1 scan are co-isolated. This window contains
multiple peptides, which will all be simultaneously isolated and fragmented into an MS2
spectrum. For simplicity, only two peptides are shown in detail, depicted with solid and dashed
outlines. B) In the MS2 spectrum, the low m/z reporter ions cannot be used for quantification
since the reporter ions of all co-isolated peptides will be identical. However, simultaneous
quantification is possible via the peptide complement reporter ions. Additionally, complementary
b- and y-ions that additionally lost their reporter group can also be used for peptide specific
quantification. C) The continuous monitoring of peptide complement reporter ions and b- and
y-fragment complement reporter ions allow the relative quantification of multiplexed abundances
even between various runs. Additionally, the number of missing values in samples larger than the
multiplexing capacity of a single tag should be drastically reduced.
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CHAPTER 4: EVALUATING THE SIMPLE ARRHENIUS EQUATION FOR THE
TEMPERATURE DEPENDENCE OF COMPLEX DEVELOPMENTAL PROCESSES
4.1: INTRODUCTORY NOTE
The work described in this chapter was done by Joseph Craspe. I contributed to this paper
by helping with some of the mathematical derivations for describing how the Arrhenius Equation
can be extended to sequences of reactions. This chapter contains the main text and main figures
from a manuscript in preparation.
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Evaluating the Simple Arrhenius Equation for the Temperature Dependence
of Complex Developmental Processes

Joseph Crapse, Nishant Pappireddi, Meera Gupta, Stanislav Shvartsman, Eric Wieschaus#,
Martin Wühr#

4.2: ABSTRACT
In the late 19th century, Svante Arrhenius devised an equation describing the temperature
dependence of reaction rates as a product of a “frequency factor”, which in second order
reactions is proportional to molecular collisions with favorable orientations, and the fraction of
molecules above an "activation energy". This Arrhenius equation is well motivated and widely
1

used for simple chemical reactions . However, recent studies propose that the Arrhenius equation
also describes the temperature dependence of complicated biological processes like cell cycle
23

progression , . Here, we evaluate how well the simple Arrhenius equation predicts the
temperature dependence of highly complex frog and fly embryonic development. We find that
near optimal temperatures, the Arrhenius equation is a good approximation for the temperature
dependence of embryonic development - even though the apparent activation energies for
individual stages vary significantly. However, we found that embryonic development diverges
from idealized Arrhenius behaviour and an additional term is statistically justified, which

Laidler.
Falahati et al., “Temperature-Induced Uncoupling of Cell Cycle Regulators.”
3
Begasse et al., “Temperature Dependence of Cell Division Timing Accounts for a Shift in the Thermal
Limits of C. Elegans and C. Briggsae.”
1
2
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reduces predicted rates at low and high temperatures. Lastly, we investigated whether the
observed non-idealized behaviour is caused by biological complexity or non-idealized behaviour
of individual reaction steps. When we modeled complex biological processes of 1000 sequential
Arrhenius processes, we barely observed divergence from linear behaviour of the entire system.
However, when we analyzed the temperature dependence of a single model enzyme, GAPDH,
we observed clear non-linearity in the Arrhenius plot similar to our observations of embryonic
development. Thus, we elucidate why highly complex embryonic development can be well
approximated by the simple Arrhenius equation and suggest that the observed non-idealized
behavior results primarily from non-idealized individual steps rather than the complexity of the
system.

4.3: RESULTS AND DISCUSSION
4.3.1: Arrhenius is a good approximation for temperature dependance of embryonic
progression
For more than a century the Arrhenius equation has provided a simple and useful
approach to the temperature dependence of simple single step chemical reactions. Its use has also
been extended to more complex biological systems such as proliferation dynamics in populations
45

of yeast, cycle duration in early embryonic development , . This broad applicability is surprising
given that such processes would not be expected of a system made of myriads of reactions, each
with its own activation energy and temperature dependence. Considering the complexity of

Falahati et al., “Temperature-Induced Uncoupling of Cell Cycle Regulators.”
Begasse et al., “Temperature Dependence of Cell Division Timing Accounts for a Shift in the Thermal
Limits of C. Elegans and C. Briggsae.”
4
5

89

biology this extension of Arrhenius into complex systems is puzzling and suggests that detailed
measurements on complex biological systems might identify deviations from the simple
Arrhenius equation. Alternatively, the absence of any such deviations might suggest that
biological systems have evolved to ensure that all rate-limiting activation energies have similar
values and thus coupled chemical reactions would collapse into a Arrhenius plot with weighted
pre-factor.

To experimentally investigate the temperature dependence of complex biological
systems, we acquired time-lapse movies of fly (Drosophila melanogaster) and frog (Xenopus
laevis) embryos from shortly after fertilization to the onset of movement in carefully controlled
temperature environments (Fig. S1). Performing the experiments on these different embryos
allows us to assess the generality of our findings as the species are separated by ~1 billion years
6

of evolution . Both embryos developed as exotherms and have evolved to be viable over a wide
temperature range. Specifically, we find fly embryos are viable from ~14 C to ~30 C, while frog
embryos are able to develop from ~12 C to ~29 C. For fly embryos, we recorded developmental
progression over 12 stages, which we could reproducibly score from our movies (Fig. 1A, Fig.
S2 A, B, Movie S1). Figure 1B, shows for each fly embryo stage the mean time since t=0, which
we define as the last syncytial cleavage (Fig. S3A). The error bars indicate 95% confidence
intervals based on replicates. The temperature 95% confidence intervals are based on the used
thermometer manufacturer’s specifications. At high temperatures e.g. 33.5 C, fly embryos are
able to develop until gastrulation, but die at this stage (during germ band retraction). Similarly, at

6

Hedges, “The Origin and Evolution of Model Organisms.”
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temperatures at and below ~9.5 C, fly development seizes after gastrulation (after germ band
retraction). We see a general trend of decreasing developmental time for every stage with
increasing temperature. Similarly, figure 1C (Fig. S2 C, D) represents the stages that we could
reproducibly score for frog embryos (Movie S2). Figure 1D shows the developmental time since
the 3rd cleavage, which we define as t=0 (Fig. S3B). Here too we see an inverse relationship
between developmental time and temperature, suggesting a potential Arrhenius relationship. To
investigate how well this temperature dependence can be captured by the Arrhenius Equation we
obtain pseudo developmental rates by inverting time-intervals between the scored developmental
stages. We then generated Arrhenius plots by charting the natural logarithm of these rates against
the inverse of relevant temperatures. If a process strictly follows the Arrhenius’ equation, it
appears linear in the Arrhneius plot. Although both the frog and fly data exhibit wide regions that
appear well approximated by a linear fit (Fig. 2A, B), in each case clear deviations are observed
as temperatures near the limits of the viable range (Fig. S3 C, D).

From the well approximated linear ranges we inferred the apparent activation energies
from the slope of the Arrhenius plots for all adjacent scored developmental stages. Figure 2 A, B
shows two example stages in D. melanogaster and X. laevis. From these plots it is apparent that
the developmental rates for these two stages (in each organism) show different apparent
activation energies (Ea = 87 kJ/mol, Ea = 54 kJ/mol, p-value of 0.0001, F-test) i.e. their
developmental rates scale differently with changing temperatures. Apparent activation energies
for all scored stages in fly embryos range from ~54 to 89 kJ/mol (Fig. 2C, S4). This compares
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7

similarly to the energy released during hydrolysis of ATP (about 64 kJ/mol) and to literature
8

values of enzyme activation energies (~20-100 kJ/mol) . We performed the equivalent analysis
in frog embryos seen in figure 2D (Fig. S4). Also here, we observe significantly different
activation energies ranging from ~53 to ~96 kJ/mol with all cell cycle stages’ activation energies
being insignificantly different (Ea = 61-63 kJ, p-values between 0.9149 and 1, fig. S4). Cell
cycle stages are expected to have equivalent Ea’s because of the equivalent processes being
performed over each division. Consistency over these stages lends some credence to our process.
Due to the large evolutionary distance between frog and fly embryos, we cannot compare
equivalent stages for most of development. However, the cleavage stages in frog embryos can
naively be expected to be driven by similar biochemical events as the syncytial cleavages in fly
embryos. Interestingly, the corresponding apparent activation energies are significantly different
(p-value = 0.0199) between the two species with ~80 kJ/mol in fly embryos (consistent with
previous paper Fig. S8) and ~62 kJ/mol in frog embryos. The cause of this divergence is
unknown to us. This may be due to the slight differences between splitting membranes in each
cleavage, where cells are insycitial in fly while fully separated by outer membranes in frog,
however this is unknown to us. Interestingly, while different developmental stages show
statistically different apparent activation energies development appears to still develop canonical
and overall rates maintain a fairly Arrhenius-like relationship to temperature.

Wackerhage et al., “Recovery of Free ADP, P i , and Free Energy of ATP Hydrolysis in Human Skeletal
Muscle.”
8
Lepock, “Measurement of Protein Stability and Protein Denaturation in Cells Using Differential Scanning
Calorimetry.”
7
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4.3.2: Quadratic Behavior is a better predictor than linearity in Arrhenius space
The activation energies calculated for frogs and flies are based on data from the broad
middle range of temperature that are typically used for lab maintenance of both species. Outside
those temperature ranges, the data becomes obviously non-linear, confirmed by Bayesian
Information Criterion (BIC) analysis (Fig. S4), with all quadratic being downward concave (Fig.
S4). This raised the question if the previous linearly approximated region is also non-linear. To
test whether the non-linear behaviour holds up to statistical scrutiny we performed a Bayesian
Information Criterion (BIC) analysis comparing the likelihood of quadratic vs. linear fits. Indeed,
the natural log ratio of the likelihoods for the underlying data to be quadratic over linear is
ln(LQuadratic/LLinear) = ~24. Figure 3A shows two examples of such Arrhenius plots for the fly
embryos: from the last syncytial cleavage to Beginning of Germband retraction, and first breath
respectively. We performed the identical analyses with all recorded developmental intervals (Fig.
3B). Interestingly, over this linearly approximated region we see a clear statistical preference for
a quadratic over linear fit in Arrhenius space for flies. Figures 3C and 3D show the equivalent
analyses performed on frog embryos. Here data is less conclusive as to fit preference, likely due
to the overall poorer reproducibility of our frog data. Thus, while the Arrhenius equation seems
to be a good approximation for the temperature dependence of early frog and fly development,
particularly around the core temperatures, we see clear deviation over both extreme and initially
apparent linear temperature ranges. This observation supports our initial intuitions that Arrhenius
cannot perfectly describe a complex system, although why it deviates and how it is still a fairly
decent approximation remains to be answered.
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4.3.3: Complexity and Biological Enzyme mechanics contribute to non-idealized Arrhenius
behavior
Next, we investigated what could be the cause for the observed non-idealized behaviour
in the Arrhenius plot for developmental processes, and if we could explain the observed
deviation of the temperature dependence from linearity in Arrhenius space (Fig 4A). One
possibility is that this observed behavior arises from the complexity of biological systems. To
analyze the conditions under which complex networks consisting of many sequential chemical
reactions could be predicted to follow the Arrhenius equation, we modeled sequential reaction
transitions as a relaxation function (mathbox 1 - Stas Math). For a single reaction we confirmed
the known relationship of \tau = 1/\kappa. However when the model is expanded to a relaxation
function modeling two reaction transitions, we find equation (E0), where \tau is no longer simply
related to the inverse of k. Converting to Arrhenius coordinates (ln(k) and 1/T) in equation (E1)
we can clearly see a sequential multi-reaction series is not linear. First to test whether equation
E1 could adequately simulate a biological network we investigated how well we could predict
the temperature dependence of a large portion of fly’s scored embryonic development based on
fit parameters for individual developmental events. Interestingly, we observed that when we
predicted a large portion of development over the linear temperature regime using parameters
from smaller segments of development, the prediction based on this model is a near perfect
match to the linear fit over that interval of development, contrary to the math proving it is not
linear (Fig. 4A, Fig. S5). We observed the same results for frog embryos (Fig. S5 D-F). We
wondered if we could generalize this observation and show that even though coupled Arrhenius
equations are technically non-linear they might be linear under biological experimentally
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accessible scenarios. To this end, we used our equation (E1) to simulate many (1000) chemical
reactions all coupled, each defined by its own activation energy and prefactor (Fig. 4B) and
observed how the reaction rates of the entire network scale with temperature. When we randomly
choose 1000 A’s and Ea’s among reasonable ranges, we observe nearly perfect linear behaviour
for the entire system even though technically it is not following the Arrhenius equation (Fig.
S6A). Next, we optimized Ea and A to maximize the curvature of the system at T = 295 K, while
9

constraining Ea between literature values 20-100 kJ . Initially we limited A within our
10

biologically observed prefactors, which are around or below typical literature values . Under
these assumptions we observe some non-linear behavior (Fig. S6B). However, A does not have
the same physical meaning as chemical values and the previous method risks artificially caping
A, as we did not observe A values above the typical literature value, while we observed many
below. This lopsided observation is likely because those faster processes were not measured in
our analysis. Therefore, we left A unconstrained, instead limiting individual k values between the
longest and shortest observed biological rates (1/4000 minutes and 1/1 second). When
maximizing curvature for a 1000 coupled reactions using these different limits, we observe more
non-linearity, which is experimentally detectable over the linearly approximated temperature
range with monte carlo simulations (Fig. 4B, Fig. S7). However, even assuming these “worst
case” scenarios, our simulations do not show the same level of divergence from linearity
observed in our biological data in figure 4A. Furthermore, in our biological data we observe a
decrease in reaction rates at very high temperatures (Fig. 4A). This is impossible to achieve with

Lepock.
Nagel, Cun, and Klinman, “Identification of a Long-Range Protein Network That Modulates Active Site
Dynamics in Extremophilic Alcohol Dehydrogenases.”
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simulations of coupled reactions that follow the Arrhenius equation. We therefore believe that
factors other than complexity must be the dominating contributor also contribute to the
non-linearity of the temperature dependence of developmental processes.
Is it possible that the individual steps, e.g. enzymes, are already non-Arrhenius? To
investigate this possibility, we measured the temperature dependence of a model enzyme
GAPDH, a glycolytic enzyme. We chose GAPDH because it is essential to all forms of
eukaryotic life and its activity can be easily assayed by following the increase of absorbance of
NADH/NAD+ at 340 nm with spectrophotometry. Interestingly, we find that GAPDH shows
clearly nonlinear behaviour (Fig 4C). Additionally this assay mimics our observations from
embryonic development that reaction rates decrease at high temperature, which is inconsistent
with our simulations. As with developmental data we find that GAPDH activity follows concave
downward behavior. We are agnostic due to the exact mechanism giving rise to this behaviour.
However, previous papers have suggested that such behaviour in enzymes could result from
11,12

quantum tunneling effect or from the entropy contribution in the transition state

. We believe

the simplest explanation is that enzymes might have evolved to work optimally at a certain
temperature (39C for rabbit GAPDH used in this assay). Deviating to lower or higher
temperatures might lead to suboptimal protein confirmation, which might lead to higher
activation energies and slow-down of reaction kinetics at suboptimal temperatures. Consistent
with this, all Arrhenius plots shown for developmental stages or this individual enzyme are
statistically significant downward concave (Fig. S7), confirmed by analyzing our equation E1 for

Aquilanti, Coutinho, and Carvalho-Silva, “Kinetics of Low-Temperature Transitions and a Reaction Rate
Theory from Non-Equilibrium Distributions.”
12
Nagel, Cun, and Klinman, “Identification of a Long-Range Protein Network That Modulates Active Site
Dynamics in Extremophilic Alcohol Dehydrogenases.”
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concavity (mathbox 2). We can expand our framework for coupled reactions that strictly follow
the Arrhenius behaviour to reactions that are better described with a quadratic fit (Fig. S8). This
framework demonstrates how behaviour of individual non-idealized reaction limiting steps
propagates to the entire system. With this framework, we observe a near perfect agreement of
observed data with predicted temperature dependence of entire embryonic development, given
the individual fits for all acquired fly stages. This extended framework is capable of predicting
the temperature dependence of embryonic development over the entire viable temperature range.

4.4: SUMMARY AND CLOSING

In this report we have shown that embryonic fly and frog development can be well
approximated by the Arrhenius equation over each organism's core viable temperature range.
Using this relationship, we can show that the apparent activation energies for different
developmental stages can vary significantly. By examining the data more carefully, we observe
that the relationship between temperature and developmental rate in both species is confidently
better described by a concave downward quadratic in Arrhenius space, especially when
considering the entire temperature range over which the embryos are viable. Our in silico studies
demonstrate that in principle linking multiple Arrhenius governed reactions could lead to
concave downward behaviour, and mathematical analysis of E1 confirms this downward
concavity (mathbox 2). However, reasonable limitations of k and Ea shows that complexity of
the system can only modestly contribute towards the observed non-idealized behaviour.
However, when we observed the temperature dependence of a single enzymatic model process,
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the assay of GAPDH, we observed clear non-linear, concave downward behaviour. Therefore,
we believe the observed curvature of developmental rates to be dominated by a combination of
individual enzyme mediated rate-limiting processes in, and complexity of, development.
One striking finding of our study is that different developmental processes within the
same embryo clearly scale differently with varying temperature. We observe this by the different
apparent activation energies at different stages but also by the different divergence from
non-linearity at the extremes. One major question this raises is how complex embryonic
development can result in a canonical developed embryo if the different reactions required for
faithful development proceed at different relative speeds at different temperatures. In our assays
we are only able to follow temporally sequential reactions, and one can argue that increasing or
decreasing time spent at a particular stage should not influence the success of development.
However, development must be much more complex and hundreds or thousands of reactions and
processes must occur in parallel e.g. in different cell types developing at the same stage. How
can frog and fly embryos be viable over ~15C temperature range, over which stages’ different
temperature sensitivity could possibly throw development out of balance? We see two possible
developmental strategies to overcome this problem. Either all rate-limiting steps occurring in
parallel at a given embryonic stage have evolved similar activation energies, or the embryos have
developed checkpoints that assure a resynchronization of converging developmental processes
over wide temperature ranges.
4.5: MATERIALS AND METHODS
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Following are descriptions of methods used in this study. Briefly both D. melanogaster
and X. laevis were used as model organisms, providing eggs and sperm necessary to produce
viable embryos. Imaging of these embryos offered data to analyze temperature dependence of
development.
Mathematical analysis and simulations were used to investigate the complexities of
reaction networks and the impact of complexity vs. basic enzyme mechanics on the relationship
between temperature and developmental rate.

4.5.1: Organism data collection

Frog Egg Collection: Females were induced using 5-6ul of 1000u HCG (Human chorionic
gonadotropin) about 16 hours before egg collection. Females were slightly squeezed and eggs
harvested dry, such collection demonstrates the highest fraction of successful fertilization and
avoid early activation. Due to time sensitivity, the following steps were initiated within 15
minutes.

Frog Egg Fertilization: About one quarter of one testis, collected from a male frog, was crushed
and mixed into 400 ul of 1x MMR (Marc’s modified Ringer’s a mixture of NaCl, KCl,
MgSO4,CaCl2, HEPES, and H2O) to prepare a source of parental sperm. This aliquot was
pipetted over about 200 eggs. Using a mixer cleaned with 80% Ethanol the solution and eggs
were mixed and incubated at room temperature for 5 minutes. Embryos were agitated a second
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time to ensure an even distribution of sperm and incubated for another 5 minutes. Fertilization
was then induced using MiliQ H2O.

Removal of embryo jelly coat: 50 ml of a 2% Cysteine solution was prepared and its pH titrated
to 7.8 with NaOH. Freshly fertilized embryos were drained of MiliQ H2O, replaced with the
de-jellying solution. Embryos were soaked in this solution for 5 minutes or until the jelly coats
appeared to be separated from the embryos. Embryos were then washed three times (or until
cysteine smell abated) with MiliQ H2O. Embryos were then washed three times with 0.1x MMR,
and allowed to rest in the final 0.1x MMR bath.

Egg Selection: Fertilized and de-jellied embryos were viewed and selected using bright field
microscopy for synchronous embryos entering stage 2, the first cleavage event. Using a custom
made wire-loop pipette the embryos were gently and quickly segregated. Stage 2 embryos were
then gently transferred via large pipette to a new petri dish containing temperature equilibrated
0.1x MMR.

Cage creation: A 3D printed cover was created to limit evaporation and improve image focus
during time lapse imaging. Using the OnShape online software a 3D model of the cover was
drafted and generated in a .stl file (figure 5B), which was then 3D printed (mention model and
plastic type?). A special embryo cage was then constructed using the above cover to control
water levels, a petri dish with 5mm mesh fused to the bottom for embryo stability, and clay
around the edges for sealing (Figure 5A and B).
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Frog Embryo Incubation: 75ml of 0.1x MMR and 50ml of MiliQ H2O were equilibrated in the
incubator several hours before embryo incubation. Several incubation trials were run, each at a
specific temperature range between 12.2o and 33.1o C. The embryo plate was placed in the
incubator on the microscope-camera stage (figure 5 C). The plate was filled with 0.1x MMR.
Stage 2 embryos were then transferred to the plate and gently positioned into a group under the
optics, seen as the black outlined circle in Figure 5B. The cage was then placed over the embryos
and pressed shut to seal. The remaining 0.1x MMR was pipetted into the cage through the
ventilation holes. A temperature recorder was placed near the embryos to record temperature
stability (figure 5 D). Recording was initiated shortly before the incubator was closed and the
timelapse initiated. Ring lamp brightness, microscope focus, and camera sensitivity were
adjusted for quality imaging. A time lapse was then taken using a consumer camera attached to a
microscope at 30-second to 1-minute intervals for all time courses, until stage NF 34, which
immediately precedes hatching.

Fly Egg Collection: D. melanogaster Klarshtich females mutant flies for klarsicht were
maintained in egg collection cages. Young new flies were obtained from stock every 2 weeks to
keep healthy egg laying. Fresh apple juice plates were prepared with about a dime sized dollop
of yeast media. Egg cages were then flipped with these new plates to collect fresh eggs. Flies
were allowed to lay for an hour, at which time cages were flipped again. The apple juice plates
with eggs between 0-1 hours old were then used to select embryos for time lapses.
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Fly Egg Selection: Halocarbon oil was dripped onto the apple juice plates containing the fresh
eggs. Eggs were set for a few minutes to fully soak in the oil and allow the Klarshtich mutant
behavior to take place. The plate was then placed on a transmitted light bright field microscope
to sort out embryos. Embryos were selected if they were retracted from the posterior vitreous
membrane, signaling a likely successful fertilization.

Fly Embryo Incubation: Halocarbon oil was spread on a specialized slide with built in oxygen
permeable membrane. 3 - 4 flies were then gently placed on the membrane and oriented in the
anterior-posterior/ventral-dorsal axis. A glass coverslip was gently rolled over the embryo to
limit positioning disturbance. Slides were then placed on transmitted light bright field
microscopes set at 20x magnification in temperature controlled rooms for trials between X and Y
C. Eyepiece cameras and software were adjusted to ensure image quality. Time lapses were then
initiated to record for necessary time until embryo hatching.

GAPDH Enzymatic Behavior: Shortly, UV Vis (spectrophotometry) was used to analyze the
temperature dependence on enzymatic activity (rate) behavior. ...

4.5.2: Data analysis and simulation
Frog Time Lapse Analysis: The following data analysis was performed on the data obtained from
the above studies. The code for data analysis is available in the supplementary appendix. Time
lapse images were written to a video file and then scored based on the scoring metric depicted in
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Figure 6. Videos were scored based on video absolute time. Stages times were then calculated
relative to 3rd cleavage (time zero). To adjust these times the 3rd cell cleavage absolute time was
subtracted from all subsequent score times. A pseudo reaction rate was determined by inversion
of the stage times. The natural log of this pseudo reaction rate was then plotted against the
inverse of absolute temperature (in kelvin). A linear regression was taken over the interval of
temperatures that appear most linear to investigate within what range of temperature
development adheres to the Arrhenius equation (16-23.5 degrees Celsius in X. laevis). The 95%
confidence interval of the regression was then extracted for each stage assuming each embryo
represents a replicate experiment. A quadratic fit was also tested and Bayesian Information
Criteria (BIC) was calculated to determine better fits.

Fly Time Lapse Analysis: Shortly identical analysis was conducted on fly videos as on frog
videos above. Differing from above stage times were calculated in relation to 14th cleavage
(time zero).

Global Optimizations: A Global Optimization was performed on our equation for a sequential
linear reaction series of Arrhenius reactions to determine with combination with highest
curvature. Code is written in appendix.
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Figure 4.1: Temperature dependendence of development progression in fly and frog
embryos.
A) D. melanogaster developmental stage names, and sequential codes used throughout this
paper. B) Time intervals of D. melanogaster embryos to reach various developmental stages
measured at temperatures ranging from from 9.4 C to 33.4 C. For each stage we show the
time-interval since stage 1 (last syncytial cleavage), which we define as t = 0. t = -B is a time
point before the last syncytial cleavage and thus has negative time. Each interval shows the mean
of replicates. Error bars indicate 95% confidence intervals. Identical stages among temperatures
are color-coded and connected. C) X. laevis developmental stage names, and sequential codes
used throughout this paper. D) Time intervals of X. laevis embryos to reach the various
developmental stages measured at temperatures ranging from 10.3 C to 28.9 C. For each stage
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we show the time-interval since stage A (3rd cleavage), which we define as t = 0. Each interval
shows the mean time-interval of replicates. Error bars indicate 95% confidence intervals.
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Figure 4.2: Apparent Activation Energies in development vary significantly between stages.
A) Shown here are examples of two developmental time intervals in D. melanogaster were
converted to Arrhenius space (ln(k=1/time) vs 1/T) to check linearity in Arrhenius Plot
coordinates. Blue data points represent the temperature range (XUS) most consistent with a
linear fit over any developmental interval. Red data represents temperatures which appear to
consistently fall outside a linear fit. All adjacent stages investigated can be found in Supplement
Fig 4 (A). B) As (A) but for X. laeivs over the apparent linear temperature range. All adjacent
stages investigated can be found in Supplement Fig 4 (B) C) Apparent Activation Energies
(y-axis, Ea, in kJ) for adjacent Fly developmental intervals were calculated from the Arrhenius
plots in Supplement Fig 4 (A) and are displayed here, the x-axis is labeled with the endpoint
stage of each interval. Each point shows the 95% confidence interval for the activation energy
(slope*-R(kJ) = Ea(kJ)). Magenta brackets/braces represent groupings (all points above the
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bracket) showing no statistical difference (#) in slope (and thus activation energy). Black braces
connect a few examples of stage transitions that did show statistically significant differences in
slope (and thus Ea). 3 stars denote p < 0.001, 2 stars denote p < 0.01, 1 star denotes p < 0.05. B)
As (A) but for Frog developmental intervals from plots shown in Supplement Fig 4 (B).
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Figure 4.3: Fitting the temperature dependence of embryonic development with the
Arrhenius equation.
A) Example Arrhenius plot for fly embryos for the interval from last syncytial cleavage (T0) to
germ band retraction (T6). At very high and very low temperatures, the observed developmental
rates are clearly slower than predicted by a simple linear Arrhenius fit through the core
temperature ranges (blue, 14.3 to 27 Celcius). Interestingly, even the blue data points alone are
confidently best fit with a quadratic equation (Fig S6). We can describe the temperature
dependence of fly embryonic development over the entire viable temperature range well with a
quadratic fit (dashed magenta line). B) Bayesian information criteria (BIC) was calculated for
linear and quadratic fits for all measured time-intervals. Shown are the log10 of ratio likelihoods
for linear/quadratic. For all intervals the quadratic model is preferred over the linear model
(values above 0). C) As (A) but for the frog developmental interval from 3rd cleavage (T0) to
109

10th cleavage (T7). At very high and very low temperatures, the observed developmental rates
are clearly slower than predicted by a simple linear Arrhenius fit through the core temperature
ranges (blue, 12.2 to 25.7 Celsius). Interestingly, even the blue data points alone are confidently
best fit with a quadratic equation (Fig S6). We can describe the temperature dependence of fly
embryonic development over the entire viable temperature range well with a quadratic fit
(dashed magenta line). D) As (B) but for the temperature range in frog development. Bayesian
information criteria (BIC) was calculated for linear and quadratic fits for all measured
time-intervals. Shown are the log10 Ratio of Likelihoods linear/quadratic. For all intervals the
quadratic model is preferred over the linear model (values above 0).
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Figure 4.4: Complexity and non-linear behaviour of individual enzymes contribute to
non-linearity of early development.
Simulations of coupled reaction networks suggest that network complexity cannot explain
observed divergence from Arrhenius in development. A) Several stages of development
(B-G, Beginning of Cell Elongation to Beginning of Germ Band Retraction) were selected with
consistent temperature data points to input into our predictive equation. This prediction shows
great agreement with a linear fit of data representing that entire developmental interval (B-G). B)
A schematic of a multiple reaction system, transitioning from Stage 1 through Stage n with
Arrhenius parameters Ean and An for each transition. An equation in the bottom left models a
linear system (Suppl Fig 8) under the assumptions in (A). We theoretically predicted the most
curved 100 reaction network (dashed magenta) via global optimization on the curvature of our
equation (Supplement Fig 9&10). The same temperatures as recorded in our biological
experiments are displayed with 95% CI on the prediction line. A linear fit is drawn over the
linear range of temperatures (blue data) assumed from our biological data. Divergence from
linearity is not obvious over the linear range, but becomes more obvious over the extreme range
(red). Monte Carlo simulations using biological developmental time and temperature errors were
run for every developmental interval. The median of 1000 runs for each fly interval shows that
over the extreme range quadratic is slightly prefered (above 0, magenta). Compared to biological
data these preferences are drastically lower. Over the linear range (supplement Fig 7 A) all log
ratio of likelihoods values fall below 0, suggesting a linear relationship is prefered over quadratic
within this range, which is not the case in vivo. Thus error in our measurements does not entirely
explain the drastic preference for quadratic behavior in fly should our model perfectly predict
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development. C) An example of a common biological enzyme catalyzed reaction and its
temperature dependance. This represents the simplest unit of biology and the closest to an
elementary Arrhenius reaction, however as shown in Arrhenius space this reaction has
non-idealized behavior, fitting better with a quadratic than with a linear fit.
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CHAPTER 5: QUANTIFYING DIFFUSION RATES THROUGH THE NUCLEAR PORE
WITH ALIEN PROTEOMICS
5.1: INTRODUCTORY NOTE
This chapter contains the bulk of my thesis work. I performed all the experimental work
described in this chapter, including protein injection, nuclear isolation, and the filtration
experiment. Yaojun Zhang developed the entropy model and helped me with the LAMMPS
molecular dynamics simulations, and I performed the data analysis work for this chapter,
including analyzing mass spectrometry data, analyzing protein crystal structures, and fitting
parameters for the entropy model. This chapter contains the text and figures from a manuscript
under preparation.
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5.2: ABSTRACT
In eukaryotic cells, the distribution of proteins between the cytoplasm and nucleus plays a
key role in determining many important cellular processes. This partitioning is achieved via a
combination of passive diffusion and active transport. Previous studies have examined the
passive diffusion rates of a few proteins and have proposed physical models capturing diffusion
rates as a function of protein size. However, these models lack a realistic physical basis and are
somewhat contradictory, possibly due to the very limited number of proteins used to build them.
To obtain a comprehensive data set, we quantified the diffusion of ~800 cytoplasmically injected
E. coli p roteins into the nuclei of frog oocytes at various time points, using quantitative
proteomics. We determined protein complex sizes in the frog cytoplasm (native sizes) by
integrating filtration measurements with protein-complex crystal structures. We found a strong
correlation between native size and diffusion rates into the nucleus. Taking advantage of this
data, we developed an entropy-based model for passive diffusion from first principles with three
free parameters. While our model captures the overall trend of native size and diffusion rates
well, we observed a wide variation in diffusion rates for proteins with similar native sizes. To
elucidate this, we examined the effect of protein complex surface amino acid residues on passive

115

diffusion and determine an effective exclusion parameter for each of the 20 amino acids, which
we can naturally integrate into our entropy-based model. This integrated model further improves
our capabilities to predict passive diffusion through the nuclear pore. Thus, we present a model
for passive diffusion through the nuclear pore based on a realistic molecular basis, that integrates
protein size and surface properties to predict diffusion rates and advances our understanding of
how the eukaryotic cell maintains and regulates the nucleocytoplasmic partitioning of its
proteome.
5.3: INTRODUCTION
The partitioning of proteins, and other macromolecules, between the cytoplasm and
nucleus is a defining characteristic of eukaryotic cells [1]. The nuclear envelope, which separates
the nucleus and cytoplasm, is perforated with thousands of nuclear pore complexes, which are
selectively permeable to macromolecules and thus regulate the nucleocytoplasmic partitioning of
proteins [2]. This allows eukaryotic cells to have a spatial separation of biochemical reactions,
giving them an additional level of regulation compared to prokaryotic cells [3, 4]. The
nucleocytoplasmic partitioning of specific proteins can act as a cellular signal, and defects in this
partitioning can lead to developmental diseases or cancer [5-7].
The nuclear pore complex contains hundreds of copies of conserved proteins known as
nucleoporins, approximately a third of which contain disordered sequences rich in phenylalanine
and glycine. These are known as FG-repeats, and they form the permeability barrier of the
nuclear pore [2, 8-10]. These sequences are extremely hydrophobic due to their enrichment in
phenylalanines, and the nucleoporin proteins often have a net positive charge [11, 12]. These
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FG-nucleoporins can undergo phase separation in vitro to form hydrogels that can act as
molecular sieves [13-17]. However, it is unclear whether this phase separation occurs in vivo
[18]. Proteins can travel between the cytoplasm and nucleus using either passive diffusion or
active transport, but in either case, they must traverse the barrier created by these FG-repeats. In
general, smaller proteins can diffuse through the nuclear pore down a concentration gradient,
whereas larger proteins generally need to be actively transported by importins or exportins [19,
20]. These karyopherins bind to cargo proteins and can rapidly transport them through the pore.
However, although active transport is a critically important process, being able to move large
proteins and move proteins against a concentration gradient, the localization of most proteins
seems to be maintained predominantly by diffusion or passive retention [21]. Our study focuses
on how protein properties, mainly size but also surface properties, influence a protein’s ability to
diffuse between the cytoplasm and the nucleus.
There has been some disagreement in the literature as to whether there is a sharp size
cutoff for passive diffusion, and if so, what that size limit is [22-24]. The size limit is commonly
said to be 40-60 kDa, but a previous examination of protein partitioning in Xenopus o ocytes
found that proteins up to about 100 kDa were equally partitioned between the nucleus and
cytoplasm, suggesting that these larger proteins can passively diffuse up to that limit [25].
However, this study looked at the steady state protein distribution and did not measure passive
diffusion directly. Other studies have examined the passive diffusion rates of proteins through
the nuclear pore, each analyzing a small number of proteins or dextrans [22, 26-28]. One model
by Paine, derived from studying the diffusion of dextran molecules in the frog oocyte, assumes
that the nuclear pore consists of a single large channel of about 4.5 nm in radius [22]. A
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refinement of this model by Görlich, fit using proteins diffusing in HeLa cells, involves a
discrete distribution of 3 pore sizes with various frequencies: 77.7% of channels have radius 1.76
nm, 22.2% have radius 2.63 nm, and the final 0.1% have radius 4.32 nm [26]. This model has 6
free parameters and was built on measurements of only 12 proteins, whose maximal size was 42
kDa. Finally, an empirical model by Rout, fit by studying the diffusion rates of proteins in yeast
cells, found a power law relationship between diffusion time constants and molecular weight,
with an exponent of 3.8 (or 3.2 when data from larger proteins from Popken et al. w
 as included)
[27, 28]. The measurements and models from these three previous studies yield different
predictions for protein diffusion rate based on size (Supplementary Figure 1A), but this is
expected, since these studies were all done cells with widely varying sizes [22, 26-28].
Correcting for the size of the cells’ nuclei, the three models are more in alignment
(Supplementary Figure 1B), though the Rout model’s predictions for larger proteins differs
significantly from the other two. These models fit well with their respective data, but the Rout
model is mainly empirical, and the Paine and Görlich models do not have a realistic physical
basis, since known properties of nuclear core content are inconsistent with a static single channel
or a set of static channels with a discrete size distribution [29]. To our knowledge, a model with a
realistic physical basis that predicts diffusion rate dependence on size has not yet been
developed.
Since proteins interact with FG-nucleoporins when diffusing through the pore, their
surface properties could cause proteins of similar sizes to diffuse at different rates. As noted
above, these nucleoporins are generally hydrophobic and positively charged [11, 12]. This
implies that proteins with higher frequencies of hydrophobic or negatively charged amino acid
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residues on their surfaces would diffuse through the nuclear pore at a faster rate. In a recent
study, Frey et al. performed point mutations of amino acid residues on the surface of GFP and
examined their effect on passive diffusion through the nuclear pore [30]. They did find that
hydrophobic residues promote diffusion, and that the positively charged lysine slows diffusion.
However, they also observed that histidine and arginine residues actually promote diffusion,
despite also being positively charged. This was hypothesized to be due to the favorable pi
interactions occurring between histidine or arginine and the phenylalanines in the FG-repeats
within the nuclear pore. The authors also found that negatively charged residues inhibit
diffusion, again contrary to previous expectations. They suggest that this unexpected result could
be due to the negative charges on karyopherins which are always in transit through the nuclear
pore, and also note that negatively charged RNA molecules need to be transported by exportins,
instead diffusing through the pore on their own. Overall, these mutations resulted in GFP
molecules with a wide range of diffusion rates, ranging from 35-fold slower to 500-fold faster,
even surpassing the diffusion rates of natural karyopherins. Thus, it is clear that surface
properties play a significant role in determining diffusion rates, both for passively diffusing
proteins, but also potentially for the importins and exportins involved in active transport. This
study focused on a single protein, and it mainly makes qualitative rather than quantitative
predictions about the effects of each surface residue. Thus, it is unclear how well these
predictions would extend to other proteins, especially proteins of varying sizes. Nevertheless, it
is likely that surface residue frequencies play a role in affecting the diffusion rates of other
proteins as well.
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In order to examine passive diffusion, we injected E. coli lysate into the cytoplasm of
Xenopus laevis o ocytes and quantified their passive diffusion at various timepoint using
multiplexed mass spectrometry methods. The quick manual isolation of nuclei and cytoplasms,
as well as the use of alien proteins which have not evolved to interact with the active transport
machinery gave us a reliable way to measure passive diffusion. Using a filtration experiment and
examining crystal structures of these proteins’ biological assemblies, we were then able to
determine the native sizes of these proteins, as well as some of their surface properties. With this
information, we were able to analyze how both size and surface properties affect the diffusion
rates of proteins through the nuclear pore.
5.4: RESULTS
5.4.1: Quantifying the Diffusion of E. coli Proteins into the Nucleus
In contrast to previous studies, we wanted to quantify the diffusion rates of a wide range
of proteins. Therefore, we injected E. coli lysate into the cytoplasm of Xenopus laevis oocytes to
measure how quickly the bacterial proteins would diffuse into the nucleus (Figure 1A). Since E.
coli proteins have not encountered the active transport machinery in their evolutionary history,
we expected that they would be largely inert to active transport and would only passively diffuse
into the nucleus. We confirmed this with an importin binding assay (Supplementary Figure
2A-B). After manually extracting nuclei and cytoplasms from the oocytes at various timepoints
after injection (2, 4, and 6 hours), we used multiplexed mass spectrometry methods, specifically
MS3 and TMTc+, to quantify the relative ratios of each E. coli p rotein in each compartment
[31-35]. For each quantified protein at each timepoint, we calculated its Relative Nuclear
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Concentration (RNC), defined as the nuclear concentration of the protein divided by the sum of
its nuclear concentration and cytoplasmic concentrations [21]. Thus, RNC values range from 0
(completely cytoplasmic) to 1 (completely nuclear), with a value of 0.5 indicating that the
protein is equally concentrated in the nucleus and cytoplasm. We performed 3 replicates of the
4-hour timepoint, so we took the average RNC for each protein for the overall timepoint. We
expect that proteins would start at an RNC value of 0 and approach 0.5 over time, with varying
diffusion rates depending on protein size and perhaps other surface properties. Assuming that E.
coli proteins are only traveling through the nuclear pore by passive diffusion, and that they are
not binding to anything in the nucleus, we would not expect them to achieve an RNC value close
to 1.
Overall, we were able to quantify the partitioning of ~800 bacterial proteins of bacterial
proteins and thousands of frog proteins. Some E. coli p roteins remained stuck in the cytoplasm
over time, while others diffused into the nucleus at various rates, approaching the equilibrium
RNC value of 0.5 (Figure 1B). Here, confidence intervals were calculated using BACIQ, as
described previously [36]. Looking at the RNC distributions of all proteins at each particular
timepoints, the RNC values of the frog proteins showed a trimodal distribution, split between
cytoplasmic, equidistributed, and nuclear proteins, consistent with a previous study [21]. On the
other hand, the bacterial proteins show a bimodal distribution, with one set of proteins remaining
stuck in the cytoplasm and another set equilibrating into the nucleus (Figure 1C-E). Furthermore,
very few bacterial proteins ended up preferentially localizing into the nucleus, which is
consistent with E. coli proteins mostly being transported by passive diffusion as opposed to
active transport. This bimodal distribution is in line with our expectations and with previous
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observations of the partitioning of frog proteins, and we expect that the proteins stuck in the
cytoplasm would be the larger ones, while the equidistributed proteins would be smaller.
5.4.2: Determining the Effective Molecular Weight of E. coli Proteins
It has previously been shown that macromolecular weight is a main determinant for
diffusion rates through the nuclear pore [22, 26-28]. Our next step was to measure the sizes of
the E. coli p roteins to see how size affects their diffusion rates into the nucleus. However,
monomer protein size is a poor predictor, as proteins are often in complexes with other proteins,
and these complexes diffuse as a unit through the nuclear pore [21]. To measure these “native
molecular weights,” we performed a filtration experiment on E. coli lysate mixed with frog
oocyte extract, so as to mimic the conditions of the injection experiment as closely as possible.
We filtered this mixture through 30 kDa and 100 kDa filters and determined what fraction of
each bacterial protein passed through each filter, in comparison to the original lysate-extract
mixture, using mass spectrometry (Figure 2A). Plotting these ratios against each other, we fit a
spline through the dataset. Using previously developed algorithms, we projected each protein
onto the spline to get a number between 0 and 1, which indicates how far along the spline’s arc
length the projection is [21, 37]. We then fit this proxy for native molecular weight to bacterial
and frog proteins whose native sizes were previously known (Figure 2B). We obtained a linear
fit to the logarithm of molecular weight, which allowed us to extrapolate the native molecular
weight of about a thousand E. coli p roteins. Comparing these native molecular weights to the
proteins’ monomeric weights, the majority of bacterial proteins have native sizes significantly
larger than their monomeric molecular weights. This is consistent with previous calculations of
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the native weights of frog proteins [21]. Thus, we expect bacterial proteins to diffuse slower
through the nuclear pore than expected based on their monomeric molecular weight.
Although estimating the native sizes of the bacterial proteins was useful, there was a
decent amount of error: since the linear fit is to the logarithm of molecular weight, the estimates
of native molecular weight have an average 1.3-fold error, and could be off by up to 2-fold.
Hence, we wanted to corroborate our native molecular weight estimates using another source.
We examined the biological assemblies of these bacterial proteins’ PDB crystal structures, which
were available for about half of the bacterial proteins whose native weights we quantified.
Although there were many proteins for which these two size measurements were significantly
different, about half the proteins had these values within 25 kDa of each other (Figure 2C). We
restricted our analysis to this subset of bacterial proteins, in order to make our size estimates as
accurate as possible, and we used the molecular weights of the biological assemblies as the
correct native molecular weights. This is because the proteins’ native molecular weights, derived
from our filtration experiment, closely match those of their crystal structures, so it is likely that
the biological assemblies have the correct multimeric state. This allowed us to exclude crystal
structures whose biological assemblies may have been inaccurate, as well as those that interact
with components of the frog oocyte extract. Looking at these biological assemblies and
comparing their weights to the proteins’ monomeric molecular weights, the protein complexes
are usually monomers, dimers, or tetramers, with smaller numbers of trimers and complexes with
a higher oligomeric state. Now that we had accurate values for the E. coli p roteins’ native
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molecular weights, we could now more effectively analyze the impact of protein size on passive
diffusion rates through the nuclear pore.
5.4.3: Impact of Protein Size on Passive Diffusion
For each timepoint (2, 4, and 6 hours after injection), we plotted each protein’s RNC
value against the molecular weight of its crystal biological assembly (Figure 2D-F). The three
plots all showed a similar pattern, with the smallest proteins (<25 kDa) having RNC values
around 0.5 (equidistributed), moderately sized proteins (25-100 kDa) having progressively lower
RNC values, and large proteins (>100 kDa) having RNC values close to 0 (entirely cytoplasmic).
There were a small number of large proteins that were able to diffuse into the nucleus, but all of
these had multiple subunits, so these protein complexes may have broken up into their smaller
subunits before diffusing through the pore. This data indicates that proteins up to ~100 kDa are
able to passively diffuse into the nucleus, albeit at a slower rate, which is consistent with earlier
results which showed frog proteins up to ~100 kDa being equally partitioned between the
nucleus and cytoplasm [21]. Although previous literature has suggested a size limit of 40-60 kDa
for passive diffusion through the nuclear pore, our data shows that it is possible for larger
proteins to diffuse into the nucleus. The previous passive diffusion models fit reasonably well
with our data (Figure 2G-I). However, as discussed above, none of these models have a realistic
physical basis, so there is still the need for a molecular model which directly predicts the
diffusion rates of proteins through the nuclear pore.
As we discussed above, previous models for passive diffusion have not had a realistic
physical basis. Therefore, in this study, we present a new model for predicting passive diffusion
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rates through the nuclear pore. First, if we have completely open pores, then the diffusion rate
constant for a protein will be inversely proportional to its radius, with the proportionality
constant depending on the dimensions of the pores, properties of the nucleus (size and pore
density), and the viscosity of the solvent. Now, after adding nucleoporins, modeled as polymers,
into the pore, the protein faces an entropic barrier to diffusion, since having the protein within
the pore will reduce the available volume available for the polymers to reside in (Figure 3A-B).
This can be modeled similar to an activation energy barrier, as in the following equation:
k=
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Here, r is the radius of the protein, A is a factor depending on the pressure exerted by the
polymers, b is a length added to the protein’s radius to define the excluded volume around the
protein, c is the proportionality constant for the diffusion rate in an open pore, and is the density
of the protein. The “activation energy” for a protein diffusing through the pore is thus
proportional to the polymer density within the pore, and the volume excluded by the protein. We
can set a = Aρ to reduce the number of parameters to model:
k=
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In order to validate the mathematical form of this model, we performed molecular
dynamics simulations using the program LAMMPS (Large-scale Atomic/Molecular Massively
Parallel Simulator, from http:/lammps.sandia.gov) [38]. We modeled proteins as spherical
particles of various radii diffusing through a single pore with varying densities of polymers
(Supplementary Figure 3A). By running multiple simulations over time, we were able to
calculate average diffusion rate constants in each condition. For the simulations with no
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polymers in the pore, we observed that average diffusion rates were indeed inversely
proportional to the particle diameters (Supplementary Figure 3B). We were thus able get a fit for
the proportionality constant, c=2.77x10-6 nm/ns. Then turning to simulations with polymers in
the pore, we found that for proteins of a fixed size, diffusion rate constants exponentially
decreased as a function of polymer density (Supplementary Figure 3C). Diffusion rates also
decreased with protein size, though the predicted relationship from the model is more
complicated (Supplementary Figure 3D). We were then able to fit the remaining two parameters:
A = 0.016 nm-3polymers-1 and b = 0.98 nm. With these values for the three parameters, the
model’s predictions for the particles’ diffusion rate constants in the simulations are fairly
accurate, with an R2 value of 0.98 (Supplementary Figure 4E). Thus, can use our model to
predict our passive diffusion data.
We fit the parameters a = Aρ, b, and c, to our data. Our injection timepoints do not
directly measure diffusion rate constants, but since a proteins’ rate constant completely
determines its predicted RNC over time, it is possible to find the best fit for the three model
parameters to all three timepoints simultaneously. We obtained a fit of a=Aρ=0.044 nm-3, b=1.5
nm, c=0.0026 nm/hr. The resulting prediction curves for RNC vs molecular weight for the
various timepoints fit relatively well both with our data and with previous models and data
(Figure 3C-F). For larger proteins (above ~4 nm or ~150 nm), our model is closer to the Rout
model in its diffusion rate constant predictions, whereas the Paine and Görlich models see a
sharp drop in diffusion rates above 4 nm. Further studies may be needed to more precisely
determine the diffusion rates for these much larger proteins. There is still a significant amount of
variation around our model’s prediction curve, but our entropy model is still a good predictor for
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passive diffusion through the nuclear pore. Overall, it is clear that size is a major factor, and
perhaps the most important factor, in determining passive diffusion rates.
5.4.4: Effects of Surface Amino Acid Frequencies on Diffusion
Although the entropy model provides a good prediction for how passive diffusion rates
depend on the size of the protein, size is not the only protein property that plays a role. Since
proteins interact with the FG-repeats within the nuclear pore, we would expect that proteins with
surface properties that promote interaction with these nucleoporins would diffuse faster through
the pore. Previous studies have suggested that hydrophobic and negatively charged surface
amino acid residues would promote diffusion, while positively charged residues would inhibit
diffusion [11, 12, 30]. These surface properties may help explain why there is significant
variation in passive diffusion rates even among proteins with similar native molecular weights.
In order to study the impact of protein surface properties on diffusion, we examined the
crystal structures of the biological assemblies of our bacterial proteins, again focusing on
proteins where the estimated native size from our filtration experiment closely matched with the
molecular weight of the crystal structure. Using an algorithm from Gerstein, we calculated the
solvent-exposed surface area for each amino acid residue [39]. We then weighted each residue
by the fraction of its surface area exposed to the solvent. With this weighting, we calculated, for
each crystal structure, the frequency of each of the 20 amino acid residues on the surface. We
then extended our entropy model as follows:

k=

c
r
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exp(− a(r + b)3 − ∑ ni v i )
i=1

127

Here, the 20 coefficients vi represent the volume excluded by one residue of each of the
20 types of amino acids, compared with the average residue. This coefficient can be positive or
negative, with positive coefficients making the excluded volume larger and diffusion slower, and
with negative coefficients making the excluded volume smaller and diffusion faster (Figure 4A).
These coefficients are multiplied by the counts ni, which are the numbers of each kind of amino
acid residue on the protein surface, and these products are then all added together to get a
deviation for excluded volume, compared to the volume predicted by the protein’s size alone.
First, for each of the 20 amino acids, we used our previously fit values for a, b, and c and
fitted two parameters: the volume coefficient for that specific amino acid and a common volume
coefficient for all other 19 amino acids (Figure 4B). We calculated these coefficients using
bootstrapping, where we resampled our dataset with replacement 1000 times and averaged the
resulting coefficients over all runs. This allowed us to see whether each individual residue was
correlated with slower or faster diffusion. Higher frequencies of lysine and alanine were
correlated with slower diffusion, while the other hydrophobic residues were correlated with
faster diffusion. Interestingly, the positively charged arginine and histidine residues were also
correlated with faster diffusion. This is consistent with previous mutation experiments which
found that these residues promote diffusion, possibly due to favorable pi interactions [30].
Compared to prior predictions, alanine stands out as the only hydrophobic residue to be
correlated with slower diffusion through the pore. It is possible that higher frequencies of alanine
are correlated with lower frequencies of larger hydrophobic residues, which would explain this
discrepancy. Using the relative ordering of residues in Frey et al., we used the optimal shift and
scaling to give each surface residue a coefficient (proline and glycine were given coefficients of
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0 since they were not included in the relative ordering). Comparing our coefficients for these
individual residues with these quantitative coefficients gives an R2 value of 0.42 (Figure 4C).
Alanine is the residue that shows the most difference between its coefficients, having opposite
signs. As discussed above, this may be due to a correlation between higher frequencies of alanine
and lower frequencies of other hydrophobic residues. Overall, though Frey et al. used point
mutations of a single protein (GFP) to determine correlations between surface residues and
diffusion rates, we have been able to use a dataset of a large number of proteins to quantify the
impact of each of the 20 amino acid residues. This has given us a more robust understanding of
how the frequencies of surface residues make passive diffusion through the nuclear pore either
slower or faster.
In order to fit all 20 volume coefficients while minimizing overfitting, we fit the
coefficients sequentially, ordering the amino acid residues by how much their individual
coefficients calculated above improved the predictions of the entropy model. At step i, we fixed
the coefficients for the previous i-1 residues and fitted the individual coefficient for the ith
residue, counterbalancing by also fitting a collective coefficient for the subsequent 20-i residues.
We used cross-validation, fitting based on a random half of our dataset and using the resulting
coefficients to predict the other half. The optimal cross-validated fit was achieved when the top 5
residues were fit, and the other 15 were fit with a collective coefficient (Figure 4D). Lysine and
alanine are still correlated with slower diffusion, while glycine, tryptophan, and arginine are
correlated with faster diffusion (Figure 4E). Using these coefficients, the entropy model gives
improved predictions for RNC values at each of our timepoints, increasing the R2 value from
0.57 to 0.66 (Figure 4F-G). Using the quantitative versions of the Frey et al. coefficients from
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earlier gives a fit for our data that is comparable to the base entropy model, using only molecular
weights (Figure 4H). Thus, incorporating the surface residue frequencies of proteins allows us to
obtain more accurate predictions for diffusion rates through the nuclear pore, though there still
remains some variation in RNC values. It is likely that the information just on the frequencies of
surface residues, without knowledge of exactly how these residues are spatially distributed with
respect to each other, is insufficient to capture the full effect of protein surface properties on
passive diffusion. The surface frequencies of importins and exportins, which travel through the
nuclear pore extremely quickly, give somewhat significant predictions of faster diffusion for
their size, compared to the average human protein, using the full 20 fitted coefficients from the
cross-validation, or using coefficients derived from Frey et al. (Figure 5). However, these
predicted decreases in excluded volume are not sufficient to explain the very fast diffusion of
karyopherins through the pore. Further study is likely required to fully understand how the
distribution of surface residues affects the diffusion rates of proteins through the nuclear pore.
5.5: DISCUSSION
Many key cellular processes are determined by the partitioning of specific proteins
between the nucleus and cytoplasm. In order for proteins to change their localization, they must
travel through the nuclear pore by either passive diffusion or active transport. Although active
transport plays a key role in moving large proteins and in moving proteins against a gradient, the
ability or inability of a protein to passively diffuse through the pore is generally the most
important factor determining its nucleocytoplasmic partitioning. Previous studies have been done
on how protein size and surface properties influence diffusion rates through the nuclear pore, but
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these experiments have so far only been performed on a handful of proteins. In this study, by
applying state-of-the-art quantitative multiplexed proteomics on E. coli proteins injected into the
Xenopus laevis oocyte, we have for the first time systematically quantified the diffusion of
hundreds of proteins between the cytoplasm and nucleus.
As expected, a protein’s size, or more specifically its native molecular weight in the
oocyte’s cellular environment, is the major factor determining its diffusion rate through the
nuclear pore. Proteins with a native size above 100 kDa remained stuck in the cytoplasm,
whereas smaller proteins were able to diffuse into the nucleus within a few hours, which is
consistent with previous observations of the partitioning of frog proteins. Although the previous
view of the literature was that the nuclear pore is impermeable to diffusion for proteins above
40-60 kDa, we have observed that proteins up to 100 kDa can in fact diffuse into the nucleus,
even if they do so more slowly than smaller proteins. This discrepancy could be explained by
proteins between 40-60 kDa and 100 kDa diffusing much more slowly through the pore, but this
slow diffusion still being observed after longer periods of time, such as a few hours.
Furthermore, we have presented in this study a coherent model that directly predicts the
diffusion rates of proteins based on their size, and for the base version of the model, a small
number of parameters. Previous studies have modeled the nuclear pore as a single open channel,
or as a discrete distribution of parallel channels [22, 26-28]. However, the barrier presented by
nucleoporins does not physically resemble a series of parallel channels. We model the
FG-repeats within the pore more realistically as a collection of polymers that randomly fluctuate
and whose entropy would be reduced by diffusing proteins based on the volume excluded by the
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presence of those proteins. This entropy-based model was corroborated by LAMMPS molecular
dynamics simulations, with rate constants that closely match model predictions under a single set
of parameter values. With this new model, we were able to fit values for the parameters that
resulted in well-fitting curves for RNC vs native molecular weight at each timepoint. Though
these curves did not capture the full variation in protein diffusion rates through the nuclear pore,
our base entropy model has shown to be predictive in both molecular dynamics simulations and
in biological experiments.
Although protein size is the most important factor affecting its diffusion through the
nuclear pore, it is not the only contributing factor, as indicated by the variability in our data, as
well as by the extreme examples of importins and exportins, which “diffuse” through the nuclear
pore at a very fast rate while actively transporting cargo proteins [24]. Proteins with surface
properties that promote interaction with the FG-repeats in nucleoporins would likely diffuse
through the pore faster than proteins with surfaces unfavorable for interaction. To probe this
possibility, we examined the surface frequencies of each of the 20 amino acids in the crystal
structures of the biological assemblies of the bacterial proteins, and we incorporated these
surface residue frequencies into our entropy model. We found that proteins with higher
frequencies of lysine and alanine tend to diffuse slower through the nuclear pore, while proteins
with higher frequencies of other hydrophobic residues tend to diffuse faster. These results are
mostly in line with results from previous studies and indicate that proteins’ surface properties can
play a significant role in determining passive diffusion rates. Surface residue frequencies do not
explain the partitioning of large equidistributed proteins in Xenopus oocytes, which likely means
they diffuse as smaller subunits, and though karyopherins are predicted to diffuse faster than
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their size would predict, the extremely fast diffusion of these importins and exportins remain
incompletely explained by surface residue frequencies.
Nevertheless, our results provide a greater understanding of the factors affecting how
quickly proteins can diffuse through the nuclear pore. Further research in the future may
continue to evaluate the impact of surface properties such as hydrophobicity, charge, and shape
on diffusion. These results increase our knowledge on passive diffusion of proteins, and in turn
help us better understand how proteins are partitioned between the nucleus and cytoplasm.
5.6: MATERIALS AND METHODS
5.6.1: Injection of E. coli Lysate into Xenopus laevis O
 ocytes
Oocytes from female Xenopus laevis f rogs were collected as previously described [40].
The frogs were anesthetized using Tricaine, and the ovaries were surgically extracted. These
oocytes were then manually defolliculated and maintained in OCM (320 mL sterile water, 480
mL Leibovitz medium (L-15) with glutamine (Sigma), 0.32 g bovine serum albumin (BSA;
Sigma), 4 mL penicillin/streptomycin; pH adjusted to 7.7 with NaOH). After recovering
overnight, the oocytes were each injected with 50 nL of ~20 mg/mL E. coli l ysate into the
cytoplasm. At selected timepoints after injection (2, 4, or 6 hours), the oocytes were washed
thrice with MMR (0.1 M NaCl, 2 mM KCl, 1 mM MgSO4, 2 mM CaCl2, 5 mM HEPES (pH
7.8), 0.1 mM EDTA) to remove BSA. For each timepoint, 20-30 oocytes were manually
dissected, and nuclei and cytoplasms were separated, individually collected, and immediately
frozen on dry ice. Nuclei and cytoplasms were lysed with a solution consisting of 250 mM
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Sucrose, 1% NP40 Substitute (Sigma), 5mM EDTA (pH 7.2), 1 Roche Complete mini tablet
(EDTA free), 20 mM HEPES (pH 7.2), 10 µM Combretastatin 4A, and 10 µM Cytochalasin D
[41]. The resulting lysate was then vortexed for ten seconds, pipetted multiple times up and
down, incubated on ice for 10 minutes, and again vortexed for ten seconds. Lysates were
centrifuged at 7,500 g at 4° C for 4 minutes in a tabletop centrifuge. After gentle flicking to
resuspend lipids, the supernatant was removed and used for further analysis by mass
spectrometry.
5.6.2: Filtration of E. coli L
 ysate in Frog Oocyte Extract
Xenopus laevis o ocyte extract was prepared as detailed previously [42]. A ratio of 5% (by
mass) E. coli lysate was then mixed with the egg extract. 200 µL of this mixture was added each
to two Ultra-0.5ml Centrifugal Filter Units with 30 kDa nominal molecular weight cutoff
(Millipore) and one Ultra-0.5ml Centrifugal Filter Unit with 100 kDa nominal molecular weight
cutoff (Millipore). These tubes were then centrifuged for 30 minutes at 5000 g at room
temperature. Afterwards, 10 µL of the original lysate/extract mix and 75 µL of each of the
filtration flow-throughs were used for mass spectrometry analysis.
5.6.3: Sample Preparation for Mass Spectrometry
Sample preparation was performed mostly as previously described [43]. Specifically,
lysates from frog oocyte nuclei and cytoplasm were TCA precipitated with the following
procedure: 10% of the sample volume of chilled 100% TCA was added to each sample on ice
and mixed by inverting the tube a few times. After 15 minutes, the sample was centrifuged at 4°
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C for 10 minutes and the supernatant was removed. 0.4mL of 100% methanol was added and the
solution was vortexed for 10 seconds. The supernatant was removed after centrifugation and
another 0.4mL of 100% methanol was added, the solution vortexed, centrifuged and the
supernatant removed. The resulting protein pellet was air-dried and subsequently resolubilized in
10 mL of 6M guanidine hydrochloride (GuHCl). Samples were then diluted to 2 M GuHCl in 10
mM EPPS pH 8.5 for overnight digestion by 20 ng/µL of Lys-C (Wako) overnight. Next, the
samples were further diluted to 0.5 M GuaHCl and digested with 20 ng/µL Lys-C and 10 ng/µL
Trypsin (Promega) overnight at 37° C. The digested samples were dried with a vacuum
evaporator at room temperature and taken up in 50 μL of 200 mM EPPS pH 8.0.
The peptide samples were then labeled with 10 μL of TMT (20μg/μL in acetonitrile), incubating
for 2 hours at room temperature. Afterwards, labeled samples were quenched with 0.5%
Hydroxylamine solution (Sigma, St. Louis, MO) and acidified with 5% phosphoric acid until the
pH was below 2. The samples were then centrifuged at 16,000 g for 10 minutes at 4° C, and then
dried in a vacuum evaporator overnight at room temperature. Dried samples were taken up in
HPLC-grade water and stage-tipped [44]. The samples were then resuspended in 1% formic acid
to 1 μg/μL for analysis on the mass spectrometer.
5.6.4: Liquid Chromatography-Mass Spectrometry (LC-MS)
1-2 µL per sample were analyzed by LC-MS experiments, which were performed on
Orbitrap Fusion Lumos (Thermo Fischer Scientific). The instrument was equipped with
Easy-nLC 1200 high pressure liquid chromatography (HPLC) pump (Thermo Fischer Scientific).
For each run, peptides were separated on a 100 μm inner diameter microcapillary column,
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packed first with approximately 0.5 cm of 5µm BEH C18 packing material (Waters) followed by
30 cm of 1.7µm BEH C18 (Waters). Separation was achieved by applying 4.8%-24% acetonitrile
gradient in 0.125% formic acid and 2% DMSO over 120 min at 350 nL/min at 60 °C.
Electrospray ionization was enabled by applying a voltage of 2.6 kV through a microtee at the
inlet of the microcapillary column. The Orbitrap Fusion Lumos was used for the
MultiNotch-MS3 method [33]. The survey scan was performed at a resolution of 120k (200m/z)
from 350 Thomson (Th) to 1350 Th, followed by the selection of the 10 most intense ions for
CID MS2 fragmentation using the quadrupole and a 0.5 Th isolation window. Indeterminate and
singly charged, and ions carrying more than six charges were not subjected to MS2 analysis. Ions
for MS2 were excluded from further selection for fragmentation for 90 s. MS3 spectra were
acquired in the Orbitrap with 120k resolution (200 m/z) and simultaneous precursor selection of
the five most abundant fragment ions from the 9 MS2 spectrum. The TMTc+ experiments were
performed as previously described with 0.4 Th isolation window on an Orbitrap Fusion Lumos
[34].
5.6.5: Data Analysis for Mass Spectrometry
A suite of software tools developed in the Gygi Lab was used to convert mass
spectrometric data from the Thermo RAW file to the mzXML format, as well as to correct
erroneous assignments of peptide ion charge state and monoisotopic m/z [45]. We used
RawFileReader libraries from Thermo, version 4.0.26 to convert the raw files into mzXML file
format. Assignment of MS2 spectra was performed using the SEQUEST algorithm [46] by
searching the data against the appropriate proteome reference dataset. The E. coli proteome was
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acquired from UniProt (Escherichia coli (strain K12) with Proteome ID UP000000625,
Organism ID 83333, Protein count 4267 and downloaded on Nov 26, 2017), and the Xenopus
PHROG proteome was used [41]. Each proteome searched included 114 common contaminants
like human Keratins and Trypsin (uploaded on PRIDE with the identifier PXD012285). This
forward database component was followed by a decoy component which included all listed
protein sequences in reversed order [47]. Searches were performed using a 20-ppm precursor ion
tolerance, where both peptide termini were required to be consistent with Trypsin or Lys-C
specificity, while allowing one missed cleavage. Fragment ion tolerance in the MS2- spectrum
was set at 0.02 Th (TMTc+) or 1 Th for MultiNotch-MS3. NEM was set as a static modification
of cysteine residues (+125.047679 Da), TMT as a static modification of lysine residues and
peptides’ N-termini (+229.162932 Da), oxidation of methionine residues (+ 15.99492 Da) as a
variable modification. An MS2 spectral assignment false discovery rate of 0.5% was achieved by
applying the target decoy database search strategy [47]. Filtering was performed using a Linear
Discriminant analysis with the following features: SEQUEST parameters XCorr and unique
ΔXCorr, absolute peptide ion mass accuracy, peptide length, and charge state. Forward peptides
within three standard deviations of the theoretical m/z of the precursor were used as a positive
training set. All reverse peptides were used as a negative training set [45]. Linear Discriminant
scores were used to sort peptides with at least seven residues and to filter with the desired cutoff.
Furthermore, we performed a filtering step on the protein level by the “picked” protein FDR
approach [48]. Protein redundancy was removed by assigning peptides to the minimal number of
proteins which can explain all observed peptides, with above described filtering criteria [49]. For
the MS3 method, we only included the peptides that were observed with the isolation specificity
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of at least 75%. Isolation specificity is defined as the fraction of target ion intensity compared to
the total ion intensity in the precursor ion isolation window visible in the MS1 spectrum [31, 33,
50]. We did not use isolation specificity filtering for the TMTc+ method, as co-isolation of other
peptides does not perturb the measurement results for this method [34]. TMTc+ data were
analyzed as previously described [34].
5.6.6: Data Analysis for Native Protein Size Measurements
For each E. coli p rotein, the ratios between each of the 30 kDa and 100 kDa filtrate and
the original input lysate/extract mixture were measured. A spline was fit through this resulting
data, using the slmengine function from Mathwork File Exchange created by John D'Errico. To
project proteins onto this spline and measure the distance along its arc length, the xy2sn function
from Mathworks Exchange created by Juernjakob Dugge was used [37]. The resulting “proxy for
protein size” was calibrated to native molecular weights using bacterial and frog proteins with
known native sizes from the literature [51-53]. The resulting linear fit was used to extrapolate the
native molecular weights of all the quantified E. coli p roteins. Protein sizes were then capped at
200 kDa.
5.6.7: Data Analysis for Passive Diffusion Timepoints
For each timepoint, a raw RNC value was first calculated based on either the TMT-MS3
or TMTc+ method [33, 34]. Furthermore, the raw RNC values were calculated for all frog
proteins previously determined to be equally partitioned between the nucleus and cytoplasm
[21]. In order to correct for pipetting errors, all RNC values were then adjusted so that the set of
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equipartitioned frog proteins would have a median RNC value of 0.5. Furthermore, to correct for
collecting a portion of the cytoplasm when collecting nuclei, we adjusted down all RNC values
so that the median RNC value among E. coli p roteins with native molecular weight at least 200
kDa (which we all capped at 200 kDa) was 0. For the 4-hour timepoints, these final adjusted
RNC values were then averaged to get a single overall 4-hour timepoint.
5.6.8: LAMMPS Simulations
Using the LAMMPS molecular dynamics simulator, developed by Sandia National
Laboratories, a cylindrical pore of radius 10 nm and height 20 nm was created within a cube with
side length 100 nm. The pore was centered so as to divide the cube into two compartments of
equal volume, with the top half representing the cytoplasm and the bottom half representing the
nucleus. To represent diffusing proteins, a large number of identically sized spherical particles of
a chosen size (ranging from 1 nm to 5 nm in diameter) were placed in the top half and allowed to
diffuse through the pore into the bottom compartment over time. Within the pore, polymers each
consisting of a string of 400 beads of diameter 0.4 nm were placed. Placing 16 of these polymers
into the pore would roughly match the density of nucleoporins in the nuclear pore [54].
Simulations with 0, 8, 16, and 32 of these polymers within the pore were used. In each case, we
ran the simulation with the proteins initially blocked from entering the pore to allow the
polymers to equilibrate throughout the pore. The simulations were run for time lengths
corresponding to protein size, and at least 9 replicates were run for each protein size and polymer
density combination. The coordinates of each protein were recorded at regular timepoints,
allowing for the calculation of RNC values for each timepoint (in these calculations, proteins

139

inside the pore and not in either compartment were ignored). Averaging these RNC values over
the replicates, diffusion rate constants were calculated for the average timecourses. The
parameters in the entropy model were fit using the resulting average rate constants for a variety
of protein sizes and polymer densities.
5.6.9: Data Analysis for Surface Residue Frequencies
For each biological assembly crystal structure, the solvent-accessible surface area of each
atom was calculated using Mark Gerstein’s Calc-surface program [39]. Adding these up for the
atoms within each amino acid residue revealed what percent of each residue was exposed to the
solvent. The counts of each of the 20 amino acids on the surface were calculated by weighting
them based on what percent of their surface areas was exposed to the solvent. From these counts,
the surface counts of each amino acid were determined, and this information was used to fit the
volume coefficients in the extension of the entropy model.
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Figure 5.1: Quantifying the Nucleocytoplasmic Partitioning of E. coli P
 roteins in the
Xenopus laevis Oocyte.
A. Experimental procedure for quantifying E. coli p rotein diffusion from the cytoplasm into the
nucleus. Oocytes were extracted from Xenopus laevis frogs and injected with E. coli lysate. After
2, 4, or 6 hours, nuclei and cytoplasms were manually separated. After sample preparation,
nucleocytoplasmic partitioning was quantified with quantitative multiplexed proteomics, using
either the MultiNotch MS3 or TMTc+ methods.
B. Representative timecourses for selected individual proteins. At t=0 all proteins are entirely
cytoplasmic, and over time, the proteins diffuse into the nucleus. Theoretically, all proteins
should equilibrate at an RNC of 0.5 at steady state. Error bars are 75% confidence intervals
based on BACIQ, as described in Peshkin et al.
C-E: Nucleocytoplasmic Partitioning of frog and bacterial proteins at 2, 4, and 6 hours after
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injection, respectively. Frog proteins were trimodally distributed between cytoplasmic,
equidistributed, and nuclear proteins, while bacterial proteins were bimodally distributed
between cytoplasmic and equidistributed proteins.
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Figure 5.2: Determining Native Protein Complex Sizes of E. coli Proteins in Frog
Cytoplasm using Proteomics of Filtrates and Analysis of Crystal Structures.
A. For estimating native protein sizes, E. coli l ysate mixed with frog oocyte extract was filtered
through 30 kDa and 100 kDa filters by centrifugation. Ratios between the two flow throughs and
the original lysate were quantified using mass spectrometry, and used to calculate a “proxy for
protein size” value between 0 and 1, as described in Wühr et al.
B. The “proxy for protein size” and previously determined native molecular weights correlate
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with an R2 value of 0.94. This regression was used to determine the native sizes for all the
quantified E. coli p roteins.
C. Native molecular weights were compared with crystal structures of biological assemblies for
available E. coli p roteins. Proteins for which these two weights were within 25 kDa (between the
black lines) had their crystal molecular weight used as an accurate measure in subsequent data
analysis.
D-F: Partitioning of E. coli p roteins based on size at 2, 4, and 6 hours after injection,
respectively. Smaller proteins have generally equilibrated into the nucleus, whereas larger
proteins have generally been stuck in the cytoplasm. The exceptions, large proteins which have
diffused into the nucleus, are generally multimers that may be breaking up before diffusing
through the nuclear pore.
G-I: Predictions of the three previous models compared to E. coli diffusion timepoints (2, 4, and
6 hours, respectively), after normalizing to the frog oocyte. Each model gives a decent fit to the
observed data, though the Görlich model generally predicts slower diffusion rates than the other
two models and predicts a somewhat sharp drop-off starting around 25 kDa.
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Figure 5.3: An Entropy-Based Model for Passive Diffusion through the Nuclear Pore
Derived from First Principles.
A. A protein (modeled as a sphere) diffusing through the nuclear pore excludes the available
volume for nucleoporins (modeled as polymers), with a certain radius of exclusion around the
protein surface. This reduces the entropy of the polymers, giving an entropic cost for passive
diffusion through the pore.
B. The nuclear pore is modeled as filled with polymers of beads, which spherical proteins must
pass through to diffuse. The diffusion rate constant is predicted to be inversely proportional to
the protein’s radius for an empty pore with no polymers. When polymers are added, this initial
rate constant is multiplied by an exponential factor with a form similar to the Arrhenius equation,
with an “activation energy” that is proportional to the density of the polymers in the pore and the
volume excluded by the protein.
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C. Fitting the parameters of our entropy model to our data gives an optimal fit
(a=Aρ=0.044±0.005 nm-3, b=1.5±0.02 nm, c=0.0026±0.0013 nm/hr) that agrees well with
previous data, after normalizing for the size difference between cells used in the respective
studies. However, there remains major disagreement between all the models for very large
proteins.
D-F: Predictions our optimal entropy model fit plotted on top of the RNC vs molecular weight
data from the 2, 4, and 6 hour timepoints, respectively.
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Figure 5.4: Impact of Surface Amino Acid Residue Frequencies.
A. In the extended entropy model, amino acid residues on the surface can either add to or
subtract from the excluded volume (compared to the average residue), with each of the 20
residues having a fitted coefficient.
B. For each residue, the extended entropy model was fit for 2 parameters: the coefficient for that
residue and a coefficient for the other 19 coefficients (fixed to have the same value). This was
done using bootstrapping, where our dataset was sampled with replacement, and the mean
coefficients were taken over 1000 runs. Besides alanine, the other hydrophobic residues are all
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correlated with faster diffusion through the pore, while lysine is correlated with slower diffusion.
The error bars show 1 standard deviation above and below the mean coefficients.
C. Using the relative distances between the 18 residues shown in the graphical abstract of Frey et
al., we fit coefficients for these 18 residues by optimizing their shift and scaling to our data, and
set the coefficients for the missing 2 residues (glycine and proline) to 0. These quantitative
coefficients correlate well with our individual residue coefficients from Part B.
D. Here, the coefficients for the 20 residues were fit one at a time, for one half of our data,
ordered by how much the individual fit for that residue from part B predicts the other half of our
data. Fitting coefficients for the top 5 individual residues (and a collective coefficient for the
other 15 residues) gave the optimal R2 value of 0.63 for predicting the other half of our data.
E. Individual Coefficients for these top 5 residues, which are similar to the individual
coefficients for these residues in part B. The error bars show 1 standard deviation above and
below the coefficients. Alanine and lysine are correlated with slower diffusion, while arginine,
glycine, and tryptophan are correlated with faster diffusion.
F. Predictions of the entropy model, based only on protein molecular weights, for our full data
set. This scatter plot shows an R2 value of 0.57.
G. Predictions of the entropy model, using both molecular weights and the optimal subset of
surface residue distributions (with coefficients as in part E), for our full data set. Incorporating
the surface residues increased the R2 value to 0.66, a sizable improvement, but one that still
leaves a significant amount of variation unexplained.
H. The entropy model using the quantitative version of the Frey et al. coefficients, from Part C,
despite being optimized to our data, still gives an R2 value of only 0.57, matching the base
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entropy model, which uses just protein size.
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Figure 5.5: Predictions Using Surface Residue Coefficients from This Study and from Frey
et al.
A. Fractional changes in excluded volume predicted by the 5 surface residue coefficients from
Figure 4E and the collective coefficient for the 15 other residues. The histogram shows human
proteins from Wühr et al., and the red dots show karyopherins. With just these fitted coefficients,
karyopherins are not predicted to diffuse significantly faster (for its size) than the average human
protein.
B. With coefficients for all 20 residues obtained as in Figure 4D, the karyopherins are generally
predicted to diffuse faster than their size alone would predict, compared to the average human
protein.
C. Using the quantitative coefficients derived from Frey et al., a s in Figure 4H, karyopherins are
also predicted to diffuse faster than predicted by their size, compared to the average human
protein.
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Supplementary Figure 5.1: Previous Models for Passive Diffusion.
A. Previous models and data for diffusion rate constants vs protein radius. Paine observed
proteins in the Xenopus o ocyte and modeled the nuclear pore with a single large open channel.
Görlich observed proteins in HeLa cells and modeled the pore as a discrete distribution of 3
channel sizes. Rout observed proteins in yeast cells and found a power law model between the
diffusion time constant and molecular weight.
B. Previous models and data were normalized to the larger Xenopus o ocyte, which has slower
diffusion into the nucleus than smaller yeast and HeLa cells. After this normalization, the models
agree closely for proteins of intermediate size (2-4 nm), but disagree heavily for larger proteins.
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Supplementary Figure 5.2: Determining if E. coli P
 roteins are Actively Imported.
A. Experimental procedure for our Importin binding assay. Importins bound to RanGTP do not
bind cargo proteins, whereas importins not bound to RanGTP can bind to cargo proteins. E. coli
lysate was added to both conditions, and importin molecules were pulled down by magnetic
beads. Bacterial proteins were quantified in each condition using mass spectrometry.
B. Ran appeared only in the Importin/Ran pulldown, as expected, but no E. coli proteins
appeared significantly more in the condition without Ran, indicating that bacterial proteins are
not actively imported by importins.
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Supplementary Figure 5.3: LAMMPS Molecular Dynamics Simulations.
A. LAMMPS molecular dynamics simulations were used to model passive diffusion of protein
particles through beaded polymers in a nuclear pore.
B. LAMMPS for open pores without polymers show average diffusion rate constants inversely
proportional to protein diameter.
C. Average diffusion rate constants vs pore polymer density, for various protein sizes. As
expected by the entropy model, diffusion rate constants exponentially decay with increasing
polymer density.
D. Average diffusion rate constants vs protein diameter, for various polymer densities (including
for open pores with no polymers).
E. After fitting the 3 model parameters, the entropy model predicts diffusion rate constants very
accurately for various protein sizes and polymer densities, with an R2 value of 0.99.
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Supplementary Figure 5.4: Surface Residue-Based Predictions for Large Equidistributed
Proteins.
A. Fractional changes in excluded volume for the large equidistributed proteins from Wühr et al.
(RNC between 0.33 and 0.67, and Native Molecular Weight above 100 kDa) predicted by the 5
surface residue coefficients from Figure 4E and the collective coefficient for the 15 other
residues. These proteins are not predicted to be significantly faster than their size would predict.
B. This time using the quantitative coefficients derived from Frey et al., as in Figure 4C, large
equidistributed proteins are still not predicted to diffuse significantly faster for their size.
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