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Chapter 1

1.1 The age of single-molecule analysis
In 2003, the human genome project (HGP) announced that it had drafted the
human genome for the first time [1]. This blueprint, encoded in the ordering of
three billion deoxynucleic acid (DNA) base pairs, opened previously unimaginable
venues to the understanding of cell functioning and disease mechanisms. This first
draft was far from complete however; polymorphic regions and large repetitive
stretches, accounting for eight percent of the genome, had been left unsequenced
[2]. The methods of the time produced relatively short reads, causing long
sequences of repetitive nature to collapse into fewer repeats, while polymorphic
regions remained difficult to analyse due to the dissonance they caused in this
mosaic assembly of multiple individuals. Only in March of 2021 did the telomereto-telomere consortium publish what can be more accurately called a “fully”
sequenced genome of a single individual, leaving only 0.3 percent of the genome
unsequenced [3]. Over the coming years, the newly added regions to the known
genome will doubtlessly shed light on a range of essential cell functions such as
ribosome biogenesis [4], nucleolus formation [5] and chromosomal instability [6],
as well as on associated diseases.
Although many innovations in sequencing technology and methodology have
led up to this milestone, the newly developed third generation of DNA sequencing
(TGS) technology – single-molecule (SM) and focused on producing long reads
– provided a pivotal contribution. While first and second generation methods
produced reads too short to resolve repeats, TGS reads are able to span even
long repetitive sequences, avoiding their collapse into fewer repeats. Moreover,
compared to the bulk-based approach of previous generations, the SM nature of
TGS allows straight-forward separation of heterozygous alleles and their separate
assembly, which simplifies the analysis of polymorphic regions tremendously.
This contribution to genome sequencing is just one way in which SM analysis is
revolutionizing biological sciences; from molecular kinetics [7; 8] and structure [9]
to detection of biologically relevant yet minute populations of biomolecules [10],
investigations at the SM level have produced essential insights that were hitherto
obscured in bulk analyses.
Although SM observations have been made since the 70’s [11], the past
decade has seen a surge in methodological and technical advances. In particular,
applications for the analysis of the three biopolymers (BPs) at the heart of the
central dogma of molecular biology – DNA, RNA and proteins – have garnered
much attention. Arguably, nucleic acid (NA) analysis methods have matured the
most, to the point that SM sequencing of DNA and RNA has become standard
fare. However even in NA research, there is still plenty of room for growth; beyond
SM readouts of ever longer NA chains, the detection of epigenetic modifications,
strand structure and interaction kinetics with other biomolecules are areas of
continued investigation. As proteins are structurally more complex than NA
chains, SM analysis of proteins has been progressing less quickly, however newly
proposed methods are finding their way around these difficulties [12–16].
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1.2 Readout of properties
1.2.1 Electrical sensing
Although the landscape of SM analysis methods for BPs is diverse and growing
rapidly, most can be grouped under one of three categories, based on the nature
of the signal that is read out. First, a BP may be interrogated by its modulation
of electrical conductance. In an approach referred to as “recognition tunneling”,
molecular affinity agents for the target BP are bound to electrodes separated
by a small gap [17]. Interaction between the affinity agents and a BP induce
fluctuations in electrical conductance, which may be indicative of the identity
of the BP. A more versatile and popular approach involves confining the BP to
a small volume and measuring its influence of electrical conductance through
this volume. This is typically done by passing the BP through a nanopore –
a nanometer-scale opening in an electrically insulating barrier. So-called solidstate nanopores are burned directly in the barrier using a focused electron beam.
Biological nanopores, derived from a naturally occurring pore-forming protein
complex, have more reproducible dimensions and have therefore seen more usage.
An electrical potential is applied over the nanopore, which moves the BP away
from one electrode and toward the other through a combination of electro-osmotic
force (EOF) and electrophoretic force (EF). By monitoring either the potential
or the current during the passage of the BP through the pore, its effect on the
electrical conductance can be measured. Depending on the size, charge and
shape of the BP, it may block more or less electrons, thus electrical conductance
through the pore may be higher or lower, and stable or fluctuating. Generally, it
is desirable to increase the dwell time – the time spent by the BP in the pore – as
otherwise the BPs or BP elements may pass through the pore in microseconds,
which is too fast to obtain meaningful measurements [18].
For some applications, such as kinetic analysis, the BP needs to retain its
functional shape and enter the pore folded. In this scenario several mechanisms
to increase dwell time can be employed, such as current modulation to balance
the counter-acting EOF and EF [19], or blocking the exit of the pore using a
DNA-origami structure [20]. To directly read out the sequence of a BP however,
it must be linearized and fed through the pore single-file, from one end to the
other. Depending on the nature of the BP, processive motor proteins may be
available to slow down the BP and increase the dwell time. The most prominent
example of electrical readout of BPs is found in the latter category, in nanopore
sequencers for NAs produced by Oxford Nanopore Technologies (ONT). In these
sequencers, an NA strand of arbitrary length is fed through a biological nanopore
while a helicase ratchets the strand in single or half-nucleotide steps to regulate
the processing speed. In recent years, NA nanopore sequencers have garnered
attention due to the theoretically unlimited read length, low initial investment
cost compared to other sequencing devices and small benchtop footprint.
For either application, the produced data takes the shape of long time series
of current or potential measurements, colloquially named “squiggles”, in which
plateaus at specific current levels are associated with the presence of a single BP –
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or a defined fragment of it – in a particular conformation. Data analysis software
is tasked to separate these plateaus and assign the correct BP or BP fragment
to each. Given the sequential nature of the data, logical choices include hidden
Markov models (HMMs) [21–23] and neural networks (NNs) [24–26], although
hashing [27] and dynamic time warping-based analysis [28] have also seen successful
application. For NA sequencing devices, analysis software takes the shape of
so-called basecallers. A basecaller may assign a sequence of length k – a k-mer – to
each plateau in the squiggle and then find the best consensus between subsequent
k-mers, however currently used neural network applications are able to assign a
single base per plateau.

1.2.2 Fluorescence sensing
Fluorescence-based SM methods, the second readout category, probe the presence
and relative positions of fluorescent BP moieties or dyes by energetically exciting
them through illumination and measuring the returned light. Restricting the
observed sample volume to reduce background noise is of major importance in this
category and several approaches have been developed to accomplish this. Both
zero-mode waveguides (ZMWs) [29] and plasmonic nanostructures [30] restrict
illumination to very small volumes, thus allowing the excitation and observation
of single molecules. However, straight-forward total internal reflection fluoresence
(TIRF) microscopy on surface-immobilized molecules remains the most popular
choice in early development stages of SM methods. In a sparsely populated field
of view containing thousands of molecules, the TIRF microscope’s magnification
is powerful enough to discern single fluorescent molecules. Innate fluorescence of
BP moieties may be probed, however the signal of these is typically weak and
limited to few of the building blocks of BPs. Most attention has been focused
on the usage of fluorescent dyes ligated to “recognizers” – molecules that target
discriminating molecular properties of BPs. Although the fluorescence no longer
directly reports on properties of the BP itself, the choice of recognizer can attune
fluorescence-based SM methods to properties of the BP which are difficult to
detect otherwise. Through the use of various labeling schemes spanning one or
more differently colored dyes and the behavior of dyes over time, this principle
allows observation of a broad range of properties at SM resolution.
In a straightforward application the occurrence of certain features such as
target monomers or structures in a single BP molecule may be visualized using
recognizer-bound dyes. If multiples of single-dye fluorescence intensity can be
measured, multiple occurrences of the same feature on a single BP can also be
quantified [12]. By making use of two differently colored dyes that are capable of
Förster resonance energy transfer (FRET), sub-nanometer-scale distances may be
estimated accurately from the measured fluorescence intensity. This, in turn, may
be used for a variety of purposes, such as to visualize SM kinetics in real-time
[31] or to identify a protein by a set of signature intramolecular distances.
Similarly to electrical readouts, optical readouts over time too consist of
squiggles, in which plateaus must be detected and assigned to BP features. Hence
the same data analysis methods are popular for fluorescence data; HMMs see broad
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Figure 1.1: Three single-molecule readout approaches for analysis of biopolymers
(BPs) and schematic example squiggles for each.(A) In electrical sensing, The
effect of a BP or BP fragment on an electron current is measured to analyse them
as single molecules. (B) In optical sensing, selected monomers are decorated with
fluorescent dyes, of which emission intensity is read out using TIRF microscopy.
(C) Finally, force-based sensing is done by decorating the BP with beads and
physically manipulating them with tweezers (depicted are optical tweezers), while
recording the extension length changes in response to the exerted force (as in
[37]).

application [32–34], while neural networks have been used in select applications
such as data filtering [35] and proof-of-concept simulation studies [13]. Again
the widest usage for SM readout is found in NA sequencers. In single-molecule
real-time (SMRT) sequencing, a TIRF setup is used to monitor a single polymerase
as it copies a target NA strand using fluorescently labeled nucleotides. Each
nucleotide is labeled with a differently colored dye, thus by noting the sequence
of colors of incorporated nucleotides, the sequence of the target strand can be
deduced. Sequencers produced by Pacific Biosciences (PacBio) make use of this
principle and are popular due to their combination of high accuracy and long
read length.

1.2.3 Mechanical force resistance
Thirdly, a BP may be probed by its resistance to mechanical force, as exerted
by optical [36] or magnetic tweezers [37], or a centrifuge [38] for example. In
such applications, beads are affixed to select points in an immobilized BP, which
function as points of application of force. As a structure unfolds, its resistance
to the applied force changes accordingly. As such, the force resistance profile
provides information on the structure of the BP. If identification of the BP is
the goal, this pattern may then be matched to known patterns. Although these
patterns typically contain less information than electrical or optical readouts,
several groups have demonstrated the usability of force-based measurements in
SM protein identification [37] and structural analysis [36].
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Lastly, several promising concepts have recently been proposed that rely on
entirely different readouts, such as Dalton-level weight measurements using nanoelectromechanical systems [39; 40] and Brownian motion behavior [41]. Although
viable and promising in theory, they have not seen extensive application on BPs
and are therefore not discussed in depth here.

1.3 SM protein analysis
1.3.1 Complications in protein analysis
Although each readout method can be adapted to interrogate different BP types
at the SM level, it is clear that applications for NA analysis are the most mature
compared to those for proteins. This difference is attributable to several differences
between the two BP types. While NAs consist of four different monomers (i.e.
nucleotides), each at least moderately distinct from the others, proteins are vastly
more complex chains composed of twenty different monomers (i.e. amino acids),
some of which are highly similar in structure. Moreover proteins are not uniformly
charged like NAs, thus complicating manipulation of single molecules using
electrical potentials, and they conform more strongly to a secondary structure,
making linearization harder. Most importantly however, nature provides tools
to process the sequence information in NA molecules, which can be repurposed
for sequencing applications; virtually all existing NA sequencing methods make
use of parts of this pre-existing machinery, such as helicases [42], polymerases [43]
and Watson-Crick basepairing [44]. For proteins, which serve as machinery and
building material rather than information storage, no such premade readout tools
are available.
Considering these complications, it is understandable that the golden standard
method for protein analysis is mass spectrometry (MS), a method which circumvents the usage of biological tools for its readout and reduces the complexity
of proteins to a spectrum composed of mass-to-charge ratios (m/z). During its
decades of dominance in the protein analysis field, MS has grown increasingly
sensitive; proteins present in mere dozens of copies per sample can now be detected
[45], while new databases [46] and interpretation methods [47] for MS spectra offer
more certainty in the identification of proteins. Alas, it is unlikely that MS will
ever be capable of single-molecule resolution in complex samples. Moreover, MS
equipment will remain too unwieldy, costly and expert user-reliant for in-house
analysis in small labs, most clinical settings and remote locations. As such there
is a clear niche for SM protein analysis methods in biological research.

1.3.2 SM protein fingerprinting
Several promising methods targeting the niche of SM protein analysis are currently
under development. Most of these deal with the complexity of proteins by
reading out only a subset of the twenty proteinogenic residue types to construct
a fingerprint, a signature that does not allow naive readout of the protein’s
composition but does contain sufficient information to identify it in a reference
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database. The viability of fingerprinting approaches relies on the fact that only
a very small fraction of all possible residue combinations is used in nature [48],
with only a fraction of these occurring in a given context (e.g. a single organism
or cell type). Therefore, the reduced information of a fingerprint combined with
its context may be sufficient to recognize proteins, while additional information
in protein databases or genome-derived gene predictions may even allow retrieval
of the full sequence. Indeed computational simulations have shown that reduced
sequences consisting of only three residue types are theoretically sufficient to
uniquely identify almost all proteins in the human proteome [49].
In adapting electrical readout methods for protein fingerprinting, the lack of
processive molecular motors as they exist for NAs and the variable charge of
proteins are the most important hurdles. Lucas et al. [50] showed that charges
inside protein pores may be tuned such that the charge-indiscriminate EOF
dominates the EF, so that both positively and negatively charged peptides may be
analysed at the same potential, albeit up to a certain charge. This proved sufficient
for discrimination between a selection of short peptides, however usability for
larger proteins has yet to be demonstrated. Both issues were also addressed
effectively by Brinkhoff et al. by attaching a DNA tether to proteins; the tether
is used to partially ratchet proteins through the pore using conventional DNAprocessing motor proteins [51]. This allowed for the detection of single-residue
differences in peptides of any charge, however the length of the peptide is limited
by how far the tether can drag the peptide into the pore lumen before the motor
protein has reached the end of the tether.
For fluorescence-based readout methods, it is the five-fold increase of monomer
types that hampers the step from NA to protein analysis the most. For fluorescent
dyes to remain discernible, their emission spectra need to be separable. Finding
four such dyes, combining them with orthogonal labeling chemistries, and building
four-color TIRF readout setups is already challenging, thus utilizing fingerprinting
schemes to reduce the number of targeted residue types is an absolute necessity.
Luckily, concept methods utilizing such reduced fingerprinting schemes have shown
promise all the same. Swaminathan et al. developed an SM readout of the classic
Edman degradation-based method for protein sequencing that allowed unique
identification of 98.2% of the human proteome in simulations using a four-color
readout, while two colors sufficed for prefractionated subsets of proteins [52].

1.4 The roles of bioinformatics in SM method development
1.4.1 Simulation
Over the past decade, computational biology and bioinformatics have played a
major role in SM analysis method development for proteins. Proof-of-concept
method papers are typically a combination of computational and experimental evidence; the experimental evidence supports the assumptions made in a
computational model and the model indicates that a method should allow SM
identification of a wide array of proteins. For example, Ohayon et al. performed
physical simulations of sequential processing of proteins through a plasmonic
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pore and the detection of three fluorescent dyes, to show that a neural network
could classify 98% of proteins in the human proteome based on the simulated
readout [13]. Although full in vitro sequence readouts have yet to be produced, the
work did include experimental evidence showing that the simulated translocation
speed is realistically achievable. Similarly, Hong et al. proposed that proteins
can be translated into DNA barcodes via subsequently binding affinity agents,
after which the barcodes can be sequenced to identify the protein [16]. Although
their experimental data did not contain actual barcodes yet, simulation data
already indicated the requirements that would need to be met by the affinity
agents to identify the majority of human protein species. This demonstrates how
bioinformatics may steer development of experimental methods by identifying
which parameters must improve before a method, at least in theory, becomes able
to analyse complex samples.
As with all computational simulations, it must be noted that those in the
mentioned studies operate on incomplete information and partially supported
assumptions. Fair warning is due for overly optimistic (or pessimistic) prospects
as a result of necessary simplifications of reality in a model. As an experimental
method is developed further, the model must be re-evaluated against new data
and updated as necessary. To enable this, running the model should require as
few computational resources as possible. Balancing required resources and model
complexity is not trivial.

1.4.2 Data analysis
Equally important to the development of SM analysis methods are contributions
from bioinformatics to data analysis. For a new protein analysis method to be
adopted by users, it is imperative that it comes with easy to use and reliably
accurate data analysis software tools.
As SM protein analysis is in an early state of development, simulated data
are often used to develop analysis methods before the experimental method is
able to produce the required quantities of data. Several of these investigations
opt for a machine learning-based approach. This includes the previously mentioned plasmonic pore-based approach by Ohayon et al., for which a feed-forward
neural network was trained and evaluated [13]. Furthermore, Zhao et al. have
demonstrated that a support vector machine can classify short peptides from
fingerprints generated by electron tunneling measurements [53] and Brinkerhoff
et al. showed that an HMM could classify electrical readouts of peptides [51].
Although not yet demonstrated, it is conceivable that fingerprints from electrical
readout methods can be classified using other methods common in NA nanopore
analysis as well, such as convolutional and recurrent neural networks [25; 26], and
alignment forests [27]. Other SM method proof-of-concept studies have relied on
the comparison of signatures to databases for identification. For instance, Egertson et al. presented a maximum likelihood-based method to find the most likely
identity for simulated fingerprints from their affinity agent-based fingerprinting
method [15], and Swaminathan et al. proposed a trie (i.e. a tree structure) to
identify simulated fingerprints for their SM Edman degradation approach [52].
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Upon widespread adoption of a method, bioinformatic contributions will need
to be expanded even further, to benchmarking metrics and tools, as well as
standardized quality measures akin to the PHRED score used broadly in NA
sequencing [54; 55]. In this stage, large amounts of data will be generated, for
which accessible databases will need to be constructed, which can be queried
efficiently. This may require the development of new data representations, database
structures and search methods, as is currently done for MS [47; 56; 46]

1.5 This thesis
SM fingerprinting and sequencing of NAs has already revolutionized biological
research, with the coming years holding the promise of significant improvements on
existing methods and the introduction of SM protein analysis. Bioinformatics can
play a role in streamlining these future developments, by providing appropriate
data analysis software for each stage of method development and in silico models
that direct experimental design. In this thesis several examples of both these roles
are presented.
First, Chapter 2 delves deeper into electrical SM analysis of NAs and reviews
software required for each step in the bioinformatic pipeline from sequencing device
to high-quality genome assemble. Although the discussion of core principles in this
chapter remains valid, the reader is advised to keep the time of writing (i.e. 2017)
in mind for recommendations on specific analysis pipelines due to the fast pace of
development in this field. The following three chapters describe tools that support
SM analysis methods in stages of increasing maturity. The fluorescence data
analysis tool FRETboard, the subject of Chapter 3, allows quick adaptation
of classification algorithms to the variable experimental approaches encountered
in early development. Once experimental design has been largely established,
benchmarking of data analysis pipelines by users is of high importance to gauge
the current state-of-art over iterative improvements. PoreTally, described in
Chapter 4, streamlines benchmarking efforts and their publication to encourage
this. For analysis methods in a further developed state, other considerations such
as computational analysis cost and portability will play more significant roles. For
instance, the baseLess tool described in chapter 5 allows light-weight detection
of a single NA sequence – e.g. in species detection – decreasing hardware cost
and increasing portability of the analysis system by foregoing the full sequencing
capability. The next two chapters focus on protein fingerprinting, in two hybrid
in silico/laboratory feasibility studies of concept methods. Specifically, chapter
6 considers a fluorescence-based method using FRET to measure intermolecular
distances as a fingerprint. Similarly, chapter 7 evaluates a nanopore-based
approach, called chop-n-drop in which a protease-nanopore construct is used to
lyse a target protein and interrogate the fragments. Finally, chapter 8 discusses
future prospects in the SM BP analysis field and provides recommendations to
steer development toward practically applicable methods.

CHAPTER

2

The long reads ahead: de novo genome
assembly using the MinION

This chapter has been published as:
Carlos de Lannoy, Dick de Ridder and Judith Risse. “The long reads ahead: de novo
genome assembly using the MinION” F1000 6 (2017): 1083
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Abstract
Nanopore technology provides a novel approach to DNA sequencing that yields
long, label-free reads of constant quality. The first commercial implementation of
this approach, the MinION, has shown promise in various sequencing applications.
This review gives an up-to-date overview of the MinION’s utility as a de novo
sequencing device. It is argued that the MinION may allow for portable and
affordable de novo sequencing of even complex genomes in the near future, despite
the currently error-prone nature of its reads. Through continuous updates to
the MinION hardware and the development of new assembly pipelines, both
sequencing accuracy and assembly quality have already risen rapidly. However,
this fast pace of development has also lead to a lack of overview of the expanding
landscape of analysis tools, as performance evaluations are outdated quickly. As
the MinION is approaching a state of maturity, its user community would benefit
from a thorough comparative benchmarking effort of de novo assembly pipelines
in the near future.

2.1 Introduction
The development of novel genome sequencing methods has been a major driving
force behind the rapid advancements in genomics of the last decades. Notably,
the advent of second generation sequencing (SGS) provided researchers with the
required throughput and cost-efficiency to sequence many more genomes than
was previously deemed feasible. Recent years saw the dawn of what can be
considered a third generation; one that allows amplification-free reading of single
DNA molecules in long consecutive stretches [57]. Currently, this new generation
is dominated by two methods: nanopore sequencing and single-molecule real time
(SMRT) sequencing, championed by Oxford Nanopore Technologies (ONT) and
Pacific Biosciences (PacBio), respectively.
Conceptually, nanopore sequencing is easier to explain than most other sequencing methods. An electrical potential is applied across an insulating membrane in
which a single small pore is inserted. A DNA strand is pulled through the pore
and the sequence is inferred from the characteristic way in which the passing base
combinations influence the current. In 1989, David Deamer roughly sketched this
concept as it is applied today, although it took more than two decades of key
innovations to bring the concept to fruition [58]. Since the introduction of the first
commercially available nanopore sequencing device, ONT’s MinION, and the start
of the MinION Access program (MAP) in 2014, the field of nanopore sequencing
has been advancing at a rapid pace; both new applications and improvements to
existing ones are published on a regular basis.
The advantages of the MinION over other sequencing devices are numerous.
Both its size, roughly that of a cellphone, and its initial investment cost, a thousand
dollars for a starter kit, are a mere fraction of that of competitors. Running the
MinION is also reasonably time- and cost-effective; a 48-hour sequencing run
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currently costs around 800 dollars1 and yields up to 5 Gbases of raw sequenced
data [59]. Furthermore, the technique does not rely on any labeling techniques to
recognize different bases, while Sanger, second generation and SMRT sequencing
methods do require some form of labeling of nucleotides. Amplification by PCR
is optional for the MinION, while this step is mandatory for Sanger and SGSmethods. Not only does omitting these steps simplify sample preparation for
MinION samples, it also helps to avoid errors and biases (e.g. the CG-bias for
PCR) and allows detection of modified bases [60]. Finally, the maximum read
length produced by the MinION is many times greater than that of both secondgeneration and Sanger sequencing and only paralleled by SMRT sequencing, which
is highly advantageous in resolving repeat sequences.
The most prominent disadvantages of the MinION, with respect to its competitors, are the lower signal-to-noise ratio, stochasticity introduced by its biological
components, and the resulting high error rate of basecalling. Indeed, the MinION
is a product in development and the used materials (i.e. membranes, nanopores
and buffers) are still being optimized. Furthermore, it is thought that significant
improvements are still possible in the software pipelines that translate current
signal to DNA sequence.
In this review, an up-to-date overview of de novo nanopore sequencing and
assembly is provided. First, the physical sequencing process as it takes place
inside the MinION is outlined. Then, the general structure of analysis pipelines is
described, along with currently available software implemented in these pipelines
and their respective strengths and weaknesses. It should be noted that nanopore
sequencing is a rapidly advancing field. While some work discussed in this paper
is considered cutting-edge at the moment of writing, the reader is advised to keep
the publication date of said work in mind.

2.2 Physical basis of DNA sequencing using nanopores
The underlying principle of nanopore sequencing can be explained as follows: a
microscopic opening wide enough to allow single-stranded DNA to pass - the
nanopore - is introduced in an insulating membrane between two compartments
filled with saline solution and an electric potential is applied across it. DNA
strands are then added to one compartment and allowed to diffuse toward the
nanopore, where they are captured by the electric field and threaded through
the pore. While a strand is passed through, the characteristic way in which the
bases influence the electric current through the nanopore is measured. These
measurements can then be decoded to retrieve the sequence of the DNA strand
(Figure 2.1).
In recent years, several key discoveries rapidly transformed nanopore sequencing
into a usable DNA analysis method. In a step-by-step exploration of the sequencing
process, these discoveries will be discussed next.
1 Estimate based on a purchase of 24 flowcells and a 1D/1D2 sequencing kit, 13th of October
2017
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Figure 2.1: Sequencing of a DNA strand using nanopores. From left to right,
double-stranded DNA with attached motor protein attaches to a pore protein in
an insulating membrane. The applied potential pulls one strand through the pore,
while the motor protein unzips the DNA in a step-wise fashion. After the DNA
has been unzipped completely and one strand has passed through, the complex
detaches from the pore entrance and the pore is ready to receive another strand.
Image courtesy of Oxford Nanopore Technologies Ltd.

2.2.1 Choice of pore: Biological versus solid-state
Nanopore sequencing efforts are sub-categorized in two groups based on the choice
of nanopore. Most current efforts implement biological nanopores, which are
protein multimers derived from naturally occurring counterparts. Through genetic
engineering, biological nanopores are modifiable in terms of dimensions and placement of electrical charge. These properties are also highly reproducible from one
pore to the next. Functionality can be further modified by attaching compatible
enzymes to the pore opening. Like their naturally occurring counterparts however,
they need to be embedded in a lipid membrane, which is generally prone to
disruption, particularly when exposed to varying electrical potentials. In the
MinION, this was partly solved by constructing membranes out of a more stable
single layer of polymers, rather than the traditional bilayer. Solid-state nanopores
on the other hand, are made by burning openings in a synthetic membrane using
a focused electron or ion beam [61]. Contrary to biological nanopores, solid-state
nanopores are compatible with a wide range of strong and chemically stable
materials with equally diverse properties. Pores are also more easily parallelized
and integrated in electrical readout circuits. A major disadvantage at the moment is the irreproducibility of the pore dimensions. They also do not combine
as easily with modifying enzymes. As a result, solid-state nanopores currently
produce noisier and less easily interpretable signals than biological nanopores. In
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Figure 2.2: Protein structure of the CsgG pore protein complex, a variant of
which is used in current generation MinION flow cells. Positive and negative
residues are colored blue and red, respectively. Image generated by the authors
using PyMOL v1.7.0.0. PDB ID: 4UV3 [62].

the following, the focus will lie on biological nanopore sequencing and the term
nanopore will refer to the biological kind.

2.2.2 Structure and charge of the nanopore
One important structural property that makes a biological pore suitable for DNA
sequencing is a constriction site at which the passing strand exerts the most
influence on the electrical current. The length of the constricting passage largely
determines how many bases simultaneously influence the electrical current and
thus the number of bases that is “read” simultaneously at a given time. This
number should be kept low enough to allow recognition of a signature current for
each different combination of bases and high enough to allow for some overlap
between subsequent base combinations, as this benefits basecalling accuracy by
allowing every base to be read multiple times. Modified versions of both pore
proteins that have seen application in the MinION, MspA (denoted by ONT
with series numbers prefix “R7”) and the currently used CsgG [62] (denoted
with prefix “R9”, Figure 2.2), have a constricted passage that allows detection
of a manageable number of bases. For the 10Å-long constriction of the CsgG
pore, basecalling models previously relied on the assumption that five nucleotides
sufficiently influence the current at any given time to discern all different nucleotide
combinations, and thus 5-mers were assigned to stretches of signal (Figure 2.3).
Although this worked reasonably well, it was found that this assumption does not
always hold, e.g. due to specific base sequences and the secondary structure of the
molecule influencing the current differently. Newer basecalling models therefore
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no longer make this assumption and assign a variable number of bases (see also
section 2.3.1).
For sequencing to commence, a DNA strand first needs to diffuse towards one
side of the pore, referred to as the cis-side, where it is captured by the electric
field resulting from the applied potential. It is then threaded through the pore
and extruded at the other end, called the trans-side.
Two forces should be considered. First and most importantly, the electrophoretic force induced by a positive electric potential applied at the trans-side
attracts the negatively charged DNA and pulls it in. As negative particles leave
the cis-side and positive particles simultaneously move in the opposite direction,
a positively charged zone forms around the cis entrance of the pore, strengthening
attraction of DNA strands. Secondly, strand translocation is influenced by the
electro-osmotic flow (EOF), the force induced by the net water and ion flow
through the pore. While a DNA strand is in the pore, the EOF normally opposes
the direction of the electrophoretic force and thus of translocation; however, this
effect is relatively minor.
Through iterative optimization of internal architecture, it was found that
positive internal surface charges are important for efficient DNA capture [63; 64],
while base recognition was found to improve with bulky or hydrophobic amino
acid side chains placed at the constriction site, as these direct ion flow toward
the DNA strand [65]. Although the structures of the modified pores used in
MinION flow cells have not been publicly released by ONT, modifications to these
properties have likely been made. Currently, ONT maintains two types of flow
cells containing different modified CsgG pores [62], designated R9.4 and R9.5.
Reportedly, alterations between R9.4 and its successor R9.5 were solely made
to facilitate a novel sequencing mode (dubbed 1D2 , see below) and should not
influence sequencing accuracy in any other way. These alterations thus likely
pertain to different properties of the pore.
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Figure 2.3: Example of a MinION DNA read as raw data (grey line) and the event
data (red lines) extracted from it, corresponding to discrete sets of bases. For the
sake of illustration it is assumed that five bases influence the current at a given
time, although in reality this assumption may not always hold. Data used in this
figure was obtained from the Nanopore WGS consortium (third release)[59].
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2.2.3 Processive control
It should be noted that the processive speed of the strand without any further
modifications is too high for the sensor to accurately detect changes in electrical
current (between 2·106 and 10·106 bases/s in wild-type MspA) [63]. Currently, the
most successful way to exert control over the speed has proven to be the addition
of a motor protein, such as phi29 DNA polymerase [43] or a helicase [42]. In a
preparatory step, poly-T or “leader” adapters are attached to the double-stranded
DNA. Motor proteins attach to these adapters, but due to specialized bases in the
adapter sequence (possibly acridine residues as used by [66], but left unspecified
by ONT [42]), they cannot unzip it at this stage. Once one end of the complex is
adjacent to the cis-side of the pore, the leader adapter previously blocking the
motor protein is released, presumably due to the force exerted on the strand as
demonstrated by [67] and described in [68]. The DNA is then fed base-by-base
through the pore by the motor protein as it processes the strand, where it can
now be read at a regular pace. A modified helicase is currently used as motor
protein in the MinION [42]. The latest release of this motor protein at the time
of writing (dubbed E8) maintains an average throughput speed of 450 bases/s (as
noted in e.g. [59]).

2.2.4 Reading the DNA strand
During a MinION sequencing run, the potential over the membrane is kept stable,
while the electrical current (in the pA-range) is sampled at a frequency in the
kHz range (Figure 2.3). This signal is characteristic for the subsequent bases
moving through the pore and will ultimately serve as the basis for basecalling.
As the amount of electrolyte is increasingly depleted during the run, the applied
potential (typically starting at -180mV) is further decreased by 5mV per two
hours of runtime and increased by 5mV when the MinION switches to another
set of wells filled with fresher buffer (see next section).
While the MinION can read the first strand of a dsDNA-stretch that is
threaded through the pore - by definition, the template strand - and discard
the complementary strand, it is possible to instead read the complementary
strand immediately after the template, thus performing a second read of the same
stretch in reverse complement (Figure 2.4). Combining reads of both strands
has been shown to increase sequencing accuracy significantly [70]. The currently
implemented method for doing so is referred to as 1D2 sequencing (versus 1D
sequencing if only the template strand is read). The 1D2 chemistry provided
by ONT includes different adapters that allow the complement strand to attach
to the membrane while the template strand is read. Shortly after the template
strand has completely left the pore, the complement strand is pulled in and
sequenced. The mirrored reads are then decoded jointly so that any sequencing
errors may be corrected. A previously offered method with the same aim, referred
to as 2D-sequencing, involved covalently connecting the 3’-end of the template
and the 5’-end of its complement using an abasic hairpin adapter, thus allowing
the complement strand to be pulled in automatically after the template strand.
However, due to several issues, including the hairpin’s tendency to ligate different
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Figure 2.4: The three categories of DNA reading chemistries for the MinION.
(A) When using 1D chemistry, only the template strand (blue) is threaded by its
motor protein (green) and read. The complement strand (red) is discarded at the
cis side of the pore. The tethers (dark-green) allow for selection of properly ligated
complexes during sample preparation and attach to the membrane to increase the
availability of strands near pores during sequencing. (B) The now-deprecated
2D chemistry connected template and complement strand using a hairpin, thus
allowing sequencing of the complement strand immediately after the template
strand. An additional tether that attached to the hairpin allowed for selection
of correctly ligated strands during sample preparation. (C) 1D2 chemistry, the
successor of 2D, also allows sequencing of both strands, but rather than attaching
the two, the complement strand is tethered to the membrane while the template
is sequenced. After the template strand is threaded through, the complement
strand is drawn in and the tether is pulled loose. Based on [69] by permission
from Macmillan Publishers Ltd: Nature Methods, copyright(2015), the ONT kit
content description, and ONT’s technical update of March 2017.
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strands into chimeric reads [71] and a lower read quality and sequencing speed
for the complement strand [70] reportedly caused by secondary structure changes
in the strand while rezipping after sequencing, this approach was deprecated in
favor of 1D2 -sequencing in May of 2017.

2.2.5 Channel parallelization
Lastly, throughput can be greatly increased by reading the signal from multiple
pores in parallel. The current generation of the MinION’s disposable cartridges,
called flow cells, can read the signal of up to 512 pores in parallel (Figure 2.5).
The flow cell is equipped with 2048 wells, which are connected in groups of four to
multiplexers (MUXs), the switches that control which of the four cells per group
is controlled and read out by the circuits. During the initial platform quality
check, DNA strands (of unreleased source and sequence), present in the buffer
with which the flow cells are shipped, are sequenced to discern wells suitable
for sequencing (i.e. containing an intact membrane and precisely one correctly
inserted, properly functioning pore) from wells in which correct pore insertion
has failed (see ONT platform quality check explanation). The latter scenario
may occur, as the insertion of pores is a stochastic process. In a second quality
check, the MUX scan, each MUX chooses up to three wells in order of signal
quality and begins readout in the best-quality well. As well quality is expected to
decline during the run, the standard protocol switches to the second-best quality
pore after eight hours, and the third-best quality after another eight hours. This
way, the best and most output is expected in the first part of the run. While
a run using a group of wells is in progress, the circuits connected to the MUXs
regulate the current in each selected well individually. This also allows expelling
of eventual blockades from a pore, by temporarily reversing the current in the
affected well while the rest of the wells continue to function normally.

2.3 Currently available software for MinION basecalling and
de novo assembly
Following the process in section 2.2, a current signal is obtained that is subsequently
translated into the underlying DNA sequence by a so-called basecaller. Next, the
read sequences may be de novo assembled using assembly tools that can make use
of the long read length while mitigating the error-prone nature of the reads. This
is often followed by a last error correction or ’polishing’ step, in which a better
consensus between the assembly and the raw reads is sought. In this section, these
steps are detailed and a selection of available software tools to fulfill each step is
explored.

2.3.1 Basecallers
Before basecalling takes place, some preparatory steps may be required. First,
if the (now deprecated) 2D chemistry was used, the signal derived from the
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Figure 2.5: Layout of a MinION flowcell grid. Large circles denote wells in the
grid, small black circles denote inserted nanopores. In reality, the pore diameter
(12 nm) is much smaller with respect to the well diameter (about 10 µm). Each
group of four wells is controlled by a multiplexer (MUX). During an initial quality
check, wells that are unusable e.g. due to erroneous pore insertion, membrane
defects or pore blockades are marked as unusable (hatch pattern). Right before
sequencing, the wells are tested a second time and three wells per MUX are ranked
on signal quality (if possible). Sequencing of the sample will then commence,
starting read-out from the best-performing well (green) and switching to second
and third best (yellow) after eight hours each. The white wells are usable for
sequencing, but are left unused unless the user designates otherwise in the MinION
protocol.
template strand should be separated from that of the hairpin and the complement
strand. This process is commonly referred to as segmentation. Furthermore, older
basecallers require the signal to be subdivided into discrete averaged stretches, or
events, each corresponding to a particular set of k bases. Both segmentation and
event detection can be performed by MinKNOW, the MinION control software
provided by ONT. For event detection, MinKNOW was reported to calculate
a simple t-statistic between sliding adjacent windows of set size. Peaks in the
t-statistic above a certain threshold are then assumed to signify the borders
between adjacent events.
Initially, basecallers were designed to find the most likely set of k bases for
each event detected in this manner [23; 24]. As it became clear that the number
of bases per event is too variable for this approach, newer tools generally infer
the events and the underlying sequence simultaneously from the raw signal (e.g.
Albacore v≥2.0.1, Chiron, BasecRAWller) [72; 25].
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To assess the quality of basecalling performance, a 3.6 kbase calibration strand
derived from the Lambda genome may be added to the sample [73; 70]. MinKNOW
automatically detects reads derived from the Lambda genome and separates those
from the sample reads. Software tools may also use these strands for parameter
optimization (e.g. as PoreSeq does to adjust its basecall correction algorithm [73]).
Several dedicated basecalling tools are available to MinION users. In this
section, the underlying principles and implementation of these tools are explored,
along with their reported strengths and weaknesses. Unfortunately, most basecallers do not support calling 1D2 reads, thus performance measures will focus
on 1D calling. Wick et al. have provided a benchmark for basecallers on a 1D,
R9.4 Kleibsiella pneumoniae dataset generated with a SQK-LSK108 chemistry
kit. To the author’s knowledge, this is currently the only comprehensive and
up-to-date benchmarking effort. Comparisons made in this section are based on
their analysis and reports made by the authors of the open-source basecallers in
their publications. In the latter case, the used read type, pore and chemistry kit
is listed between brackets each time, e.g. for the Wick et al. study: (1D, R9.4,
SQK-LSK108).
Metrichor basecallers Metrichor, a spin-off company of ONT and its main
developer of proprietary analysis software, maintains a range of basecallers that
have remained the go-to option for most MinION users. Currently, four Metrichor
basecallers are available to users: Albacore, the MinKNOW integrated basecaller,
Nanonet and Scrappie. A cloud-based version was previously integrated in
the EPI2ME platform, but this service has been discontinued. Both Nanonet
and Scrappie are unsupported development basecallers, while Albacore and the
MinKNOW version are stable tools intended for regular MinION users.
Initially, the Metrichor basecallers relied on hidden Markov models (HMMs) to
assign k-mers of set size k to event-called data. As of early 2016, the HMM model
was replaced by a more accurate recurrent neural network (RNN)-implementation.
This approach was first introduced in Nanonet (source code publicly available), a
basecaller written in Python and using the CURRENNT library [74] to implement
its RNN. It is able to perform all steps from raw MinION signal to base sequence
(i.e. segmentation, event-calling and basecalling). The next major advancement
was the addition of a transducer after the RNN in April of 2017 which, rather
than assigning a k-mer to each event, uses the newly input signal and the bases it
previously emitted to determine whether to output none, one or multiple bases
for the next event. Importantly, this allowed the detection of homopolymer
sequences longer than a given k-mer size [59]. This was previously impossible,
as the sliding window t-test used in event detection could not discern individual
events in homopolymer stretches, effectively merging them into a single event
which would then be assigned a single k-mer [73; 75; 76].
From June of 2017, event-based calling was abandoned all together in favor
of a more accurate raw signal-based approach. Both the transducer and raw
signal-based calling were first introduced as options in Scrappie, a newer developer
basecaller written in C (source code publicly available), and were later implemented
in Albacore (transducer as of v1.0.1, raw signal interpretation as of v2.0.1). To
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date, Albacore also remains the only basecaller able to make use of 1D2 reads.
The MinKNOW basecaller lags slightly behind Albacore but is otherwise identical.
The source code of Albacore and the MinKNOW basecaller is currently only open
to developer users.
Metrichor’s up-to-date basecaller implementations (i.e. Albacore, MinKNOW
and Scrappie) first center and scale the raw signal using the median signal over
the entire read (as first described in [77]) and then consecutively feed it through a
strided convolutional filter and unidirectional RNN layers of gated recurrent units
(GRUs) which receive their memory from alternating directions. The stacked
unidirectional layers and use of GRUs allows the RNN to interpret the convolved
signal in a long-range context from both sides, while remaining computationally
efficient in use. The output of the RNN is fed into a transducer, which assigns
a number of bases to each raw data point as described above 2 . Lastly, the
translocation speed of the strand is estimated using found non-homopolymeric
events, which is then used to detect and correct probable collapsed homopolymer
sequences.
The processing speed [25] and accuracy of Albacore, MinKNOW and Scrappie
is currently considered to be the highest of all available basecallers. Wick et al.
estimated median identity with the reference genome of a transducer-based raw
signal-processing Albacore version (v2.0.2) at 87.6%. The introduction of raw data
interpretation lead to some increase in accuracy; Albacore v2.0.1 scored 87.6%
identity versus 86.5% for v1.2.6 (the last version without raw calling included by
Wick et al.) and a similar difference was seen between Scrappie v1.1.1 processing
event-called (85.8% identity) and raw data (88.1%). The effect of the introduction
of the transducer at v1.0.1 can be seen in the read length, which is closer to the
reference read length, and the higher corrected assembly identity, which indicates
that fewer systematic errors are made. Both observations can be explained by the
fact that the transducer allows for more accurate calls in homopolymer regions in
particular, as was also shown by [59]. As expected, the outdated Nanonet (v2.0.0)
does not perform as well as Scrappie and Albacore (85.6% identity). Albacore’s
median identity rate on 1D2 reads has been reported by ONT at around 97%,
however this has yet to be confirmed by thorough independent studies.
Chiron Chiron [25] is a third-party basecaller that shows high similarity with
current Metrichor basecallers. It was written in Python and its neural network is
implemented using the TensorFlow library [81].
Chiron first centers the raw signal around the mean and scales it over the
standard deviation, after which the signal is divided up in partly overlapping
batches to allow parallel processing. Much like current Metrichor basecallers, it
then feeds the signal through a convolutional filter, several RNN-layers and a
transducer which outputs probabilities for each base (or the absence of a base)
for each raw data point. Finally, the returned base sequences for the split signal
are fused into a single sequence for the entire read by finding the largest overlap.
2 A thorough discussion of neural network architectures and their respective properties is
outside the scope of this article. Interested readers are referred to [78] and [79] for introductions
to RNNs and convolutional networks respectively, and [80] for more information on transducers.
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Although Chiron’s overall structure is similar to that of Metrichor basecallers,
its multiple convolutional layers, the usage of the more elaborate long short-term
memory (LSTM) cells instead of GRUs and the more conventional bidirectional
RNN architecture make Chiron more complex. Indeed, the benchmark published
by Chiron’s authors shows that it performs slightly slower than Albacore v1.1.1
but similarly in terms of accuracy; on reads of lambda phage DNA, E. coli and
Mycobacterium tubercolosis (all 1D, R9.4, SQK-LSK108), the difference between
sequence identities of Albacore and Chiron did not rise above 1.2%. Albacore
did do slightly better than Chiron on a human dataset generated with the same
chemistry; Chiron’s authors hypothesize that this could be because Chiron was
not trained on human data. These results are largely in line with the benchmark
by Wick et al.; indeed Chiron (v0.2) performs similarly to Albacore v1.1.2, but the
raw data-based Albacore v2.0.2 performs notably better. In terms of sequencing
speed, Chiron’s authors showed that Albacore (2975 bases per second on a CPU)
easily outperformed Chiron (21 bases per second on a CPU, 1652 on a GPU).
BasecRAWller While other basecallers prioritize accuracy, BasecRAWller’s [72]
primary goal is to allow “streaming basecalling”, i.e. basecalling during sequencing
directly from the raw signal. As its authors note, streaming basecalling may prove
highly advantageous in selected applications, such as rejection of strands from
the pore during sequencing if, based on the retrieved base sequence, it is decided
that the strand is not of interest to the user. BasecRAWller is written in Python
and uses the TensorFlow library [81] for its neural network implementation.
Like Metrichor basecallers, BasecRAWller uses a median-based normalization
method [77] to pre-process the raw signal. However, as the median of the signal of
the entire strand (as used by Metrichor) is not available in streaming basecalling, it
is approximated by using the median unoccupied pore signal, as these values were
found to correlate sufficiently. The normalized signal is then consecutively fed into
a unidirectional LSTM-RNN and a fully connected feed-forward network, which
assigns a 4-mer to each measurement and a probability that the measurement
should be recognized as the start of a new event. This information is ultimately
passed on to another unidrectional LSTM-RNN which assigns zero, one or multiple
bases to each event. Although bidirectional RNNs have the advantage of utilizing
both past and future measurements to place a prediction in a proper context, the
choice for a unidirectional network was consciously made to retain the ability to
basecall in a streaming fashion.
As its authors state in their own assessment of BasecRAWller’s performance,
some accuracy was surrendered to allow for streaming basecalling; Metrichor
basecallers reached significantly higher accuracy on both an E. coli dataset (1D,
R9, SQK-NSK007) and a human dataset (2D, R9.4, SQK-LSK108) (89.4% and
76% respectively, versus 82.9% and 72.5% for BasecRAWller). It should be noted
that Albacore was able to take advantage of the 2D chemistry used for the human
dataset, while BasecRAWller could not. Similarly, Wick et al. found a median
identity of 74.0% for BaseCrawller (v0.1) versus Albacore’s (v2.0.2) 87.6%. An
assessment by Teng et al. found slightly higher identity rates for BasecRAWller
(v0.1) of around 82% on Lambda phage E. coli, M. tuberculosis and human
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datasets (all 1D, R9.4, SQK-LSK108), which were still 2% lower than that of
Albacore (v1.1.1) on human data and around 8% lower for the other datasets [25].
BasecRAWller’s authors indicate a processing speed of up to 900 bases per second
using the current MinION throughput speed and sampling frequency, while Teng
et al. indicated a maximum sequencing speed of 81 bases per second [25]. The
cause of this large difference is unclear, but important to investigate further, as a
speed below 450 bases per second (the current average throughput speed of the
MinION) would indicate that BasecRAWller is currently not able to function as a
true streaming basecaller.

2.3.2 Assemblers
Once nanopore reads have been basecalled, they may serve several purposes.
If SGS reads are available, one of several approaches to hybrid assembly (i.e.
combining long error-prone and short accurate reads) may be chosen; short reads
may be mapped to the nanopore reads to correct sequencing errors pre-assembly
[82] or to create large low-error contigs. The latter goal may be achieved by using
nanopore reads to close gaps and resolve repeat regions in SGS assemblies [83], by
using them as scaffolds to properly align short reads [84–86], by correcting a long
read-only assembly using short reads [87; 88] (referred to as “polishing”, see also
next section), or by creating short accurate seed regions from short reads, which
are then bridged by nanopore reads [76]. All described approaches were shown to
result in accurate and highly contiguous de novo assemblies and in identification
of repeats that were collapsed in SGS-only assemblies [82; 76].
If no SGS reads are available, nanopore-only assembly pipelines can be used.
It has been shown that using these pipelines, a cheap and highly contiguous
MinION-only de novo draft genome can already be sequenced and assembled
within one week (e.g. as was done for the 54 Mbase fungal genome of Rhizoctonia
solani [89]). If speed, cost or only the general structure of the genome are of major
importance, a MinION-only approach may thus already be adequate. However,
it should be noted that MinION-only assemblies are still generally inferior to
those of hybrid methods in terms of accuracy, due to the error-prone nature
of the reads [90; 91]. If the goal is the construction of a highly accurate and
contiguous assembly and SGS reads can be obtained, hybrid assemblies should
be preferred. This accuracy gap is expected to diminish in the future due to
the steadily increasing quality of MinION reads. With this and the cost- and
time-effectiveness of the MinION in mind, the focus of this review lies on tools
that can be used in de novo MinION-only sequencing.
As PacBio sequencers were available before nanopore sequencing had come to
fruition, most assemblers able to work with MinION reads were either initially
intended as PacBio tools or were written with both technologies in mind. Some
tools offer specific parameter settings to account for differences in read properties
between the two technologies, most importantly the differing error distributions.
Giordano et al. showed that, on datasets of comparable size and read length
distribution, assemblers consistently constructed more accurate assemblies with
SMRT reads than with MinION reads (although the latter were generated with
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older chemistries and basecallers, see also Table 2.1) [90]. While the difference
in accuracy is in large part attributable to the higher number and less random
distribution of sequencing errors, it does seem that those adapted for use with
MinION reads are better able to mitigate its sequencing errors.
Assembly of MinION and SMRT reads requires a different approach than that
of SGS reads; as the reads are longer, finding a correct overlap should be easier, yet
they are more error-prone, which increases the uncertainty of overlaps. Because of
these differences, a return of interest in overlap-layout-consensus (OLC) algorithms
- which were at the peak of their popularity in the era of Sanger sequencing - is
seen. Traditional De-Bruijn graph (DBG) assemblers, the more popular choice
for SGS reads, were reported to return lower quality assemblies of MinION reads
than OLC-based methods, but proved faster in some cases [92]. A selection of
available long read OLC and DBG assemblers is discussed in this section.
Software using traditional greedy extension algorithms (e.g. SSAKE) is rarely
used in MinION read assembly as it was found to perform decidedly less well in a
de novo assembly setting, both in terms of assembly quality and required computational resources [92], and is therefore not further discussed here. Furthermore,
only tools that provide a full solution to their respective step in the assembly
pipeline are reported here. As current assemblers either include their own error
correction module [93] or work with uncorrected reads [76; 94–96], stand-alone
pre-assembly error correction tools are excluded as well. A short summary of each
assembler’s characteristics and the limited number of available benchmarks is
given in Table 2.1, although it should be noted that a proper evaluation is difficult
due to the different and outdated chemistries and basecallers used. Thus, while
performances noted here may provide an initial orientation in the available choice
in long read assemblers, results are likely to differ when using current technology.
PBcR & Canu Originally developed for the first human genome draft, the
Celera assembly pipeline [99] and its extensions [100; 101; 93] have remained a
popular choice in a growing landscape of OLC assemblers. Briefly, the Celera
assembler uses read overlaps to find contigs of which the structure can unambiguously be derived from overlap information, referred to as unitigs. It then separates
unitigs that were found to occur multiple times from unique ones and attempts
to orient the unique unitigs with respect to eachother. Where possible, gaps
between unique unitigs are filled with non-unique unitigs. As a high read error
rate is detrimental to the quality of the assembly [102], two different modifications
to the pipeline are available. The PacBio corrected Reads (PBcR) algorithm,
originally developed for the correction of PacBio reads suffering from similar error
rates, uses accurate short reads mapped with high confidence to the long reads
to correct errors. The assembly then proceeds as usual by Celera [98]. Celera’s
successor, Canu [93], provides a more accurate solution that does not require
short accurate reads. Like PBcR, Canu was shown to succesfully assemble both
MinION and PacBio reads [90]. The pipeline includes three stages; correction,
trimming and assembly. Overlaps are found using the efficient minhash alignment
process (MHAP) [103], which hashes k-mers using different hash functions and for
each hash function stores the smallest integer to which a k-mer of the sequence
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A

PBcR
Canu
SMARTdenovo
Minimap & miniasm
ABruijn
Chemistry
Read type
Pore
Basecaller
Organism
B
PBcR
Canu
SMARTdenovo
Minimap & miniasm
ABruijn
TULIP
HINGE

1.0
0.3

subs/kbase

18.6

12.2
7.8

indels/kbase

6.60

1.20
2.80

N50 (Mbase)

Judge et al.[97]

6.7
MAP006
2D
R7.3
EPI2ME
Enterobacter kobei

subs/kbase
0.105
0.580
0.2071
0.130

Description

Istace et al.[91]
indels/kbase

N50 (Mbase)

10.0
0.610
11.1
0.783
13.51
0.7361
10.1
0.816
MAP005/MAP006
2D
R7.3
EPI2ME
S. cerevisiae

subs/kbase

indels/kbase

0.616
0.698
0.625
0.739
0.769

N50 (Mbase)

Giordano et al.[90]

0.2
0.1
0.3
34
0.1

[98]
[93]
Github
[96]
[95]
[76]
[94]

Ref.

17
17
14
67
15
MAP006/007
2D
R7.3/R9
EPI2ME
S. cerevisiae

Celera OLC assembler adapted for long error-prone reads.
The more accurate successor of PBcR.
Fast and reasonably accurate assembler without prior error correction step.
Fast assembly pipeline without error correction and consensus steps.
DBG assembler that fuses unique strings prior to assembly, produces highly contiguous assemblies.
uses seed extension principle to efficiently assemble large genomes.
Assesses coverage of low complexity regions prior to assembly and processes them more efficiently.

Table 2.1: Summary of comparisons between long read assemblers. (A) Selected metrics for three benchmarking efforts on
MinION reads, including chemistries used in the respective studies. Bold values denote the best score per metric. (B) Short
descriptions and reference papers for all assemblers discussed in this paper.
: reads were corrected by Canu prior to assembly.
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is hashed. Comparing the hashed k-mers per read results in initial overlap hits,
which are then used to perform error correction by consensus seeking. By selecting
overlaps for correction on quality, but limiting the number of overlaps a read can
contribute to, Canu attempts to prevent masking of true repeat variants. Shorter
reads are used at this stage to improve accuracy of longer reads. In the trimming
step, overlaps are recalculated to locate and filter out regions of low coverage
and high error. Reads are overlapped two more times to correct specific types of
errors (i.e. missed hairpin sections for 2D reads, adapters, chimeric reads) and to
adjust the error rate per overlap, before the actual assembly phase starts. With
adjustments to account for erroneous alignments and residual errors, assembly
essentially follows the same procedure as CABOG, another Celera-based pipeline
[100].
Due to its thorough yet relatively efficient correction steps, Canu is significantly
more accurate than both its predecessor Celera/PBcR and most other tested
assemblers. In benchmarks on Enterobacter kobei and S. cerevisiae reads, it often
produced an assembly with fewer indels and mismatches than others, often with
higher contiguity [97; 91; 90]. These results are in line with the author’s own
assessment [93].

SMARTdenovo SMARTdenovo is a long read OLC-assembly pipeline that
was originally intended to work with PacBio reads, but has been shown to
produce assemblies of reasonably high continuity from MinION reads as well [90].
Surprisingly, it does so without an error correction step prior to assembly, making
SMARTdenovo a faster alternative to Canu.
As detailed on its Github page, SMARTdenovo first attempts to find read
overlaps for each read in three steps at increasing accuracy by first searching hits
in sorted k-mer tables twice and then using a banded Smith-Waterman algorithm.
To find overlaps that were missed in this process, it subsequently repeats the
process for pairs of reads that should overlap, given the extent to which they are
overlapped by other reads. Next, low quality or chimeric read ends are identified
by their decreased coverage by other reads and removed. Finally, SMARTdenovo
borrows PacBio’s directed alignment graph consensus (DAGCon) algorithm [104]
to produce the consensus assembly.
As expected, SMARTdenovo was shown to outperform Canu in terms of
computing efficiency [90; 105]. However, benchmarks on S. cerevisiae reads
demonstrated that assemblies by Canu generally show higher identity with the
reference sequence [91; 90]. This is possibly due to the fact that the HGAP
algorithm leveraged for error correction was originally intended to work with
PacBio reads, which have a different error distribution. Notably, Schmidt et
al. showed that SMARTdenovo produced an assembly of higher contiguity for
the large tomato (Solanum pennellii ) genome and, when preceded by Canu’s
pre-assembly error correction module, obtained an even more contiguous assembly
with fewer predicted errors than either Canu or SMARTdenovo could, while still
remaining faster than Canu alone [105].
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Minimap & Miniasm In terms of speed and computational efficiency, the OLCbased pipeline consisting of Minimap and Miniasm [96] has a definite advantage
over other existing tools [97; 90; 91]. This efficiency was reached through the
omission of the consensus step and the use of minimizers. Much like the kmer hash table used by Canu’s MHAP [93], a minimizer is a memory-efficient
hashed representation of a sequence. Minimap computes the set of minimizers
of a sequence, the “sketch”, by finding the k-mers represented by the smallest
hash value within a certain window size of each position of the sequence. The
complement of each k-mer is also considered. Decreasing the window size will
increase the returned number of minimizers and allow for more accurate alignment,
at the cost of increased computational requirements. Minimap then performs allversus-all mapping by identifying hits between minimizers of different sequences.
The found overlaps are passed on to Miniasm, which constructs an assembly
graph. First, potential artefacts are removed from each read by identifying the
longest stretch with a coverage of three or more other reads, and then clipping off
the ends that fall outside this region. Then reads contained within other reads
are removed and small bubbles, less than 50 kb in length, are popped (i.e. a
consensus is taken in cases where paths split and later join up again). Finally,
sequences can be extracted from stretches of the graph without multi-edges to
form unitigs. The error rate at this point is practically the same as that in the raw
reads, emphasizing that correct basecalling is essential for the eventual quality of
the assembly. The graphical fragment assembly (GFA) output format of Miniasm
conveniently allows both graphing of the uncorrected assembly and addition of
consensus error correction tools, such as Nanopolish or Racon, to the pipeline.
In March of 2016, the authors of Minimap and Miniasm reported assembly of
MinION reads of an E. coli genome in a single contig. In May of the same year,
Judge et al. assembled an Enterobacter kobei genome in 16 contigs with an N50
of 662 kbase in two minutes, while the next fastest assembler (Canu) took two
hours, however their benchmark showed that the omission of an error correction
step caused the eventual assembly quality of E. kobei to be too low to properly
assess by the QUAST analysis tool [97].
ABruijn While more traditional DBG assemblers performed worse than OLC
assemblers on assembling long error-prone reads [92], the approach taken by the
ABruijn assembler has shown more promise [95]. To account for the high error
rate, ABruijn filters all k-mers occurring in the reads by their frequency; if a
k-mer occurs few times for given dataset and genome sizes, it is assumed that it
contains basecalling errors and it is removed. Then k-mers are fused into so-called
”solid strings”, sequences that contain no other occurring sequences as substring.
The ABruijn graph is then drawn by representing solid strings as vertices and
connecting them where connections exist in the reads. The edges are weighted by
the number of positions between the first bases of the connected solid strings. The
assembler consults the weights in this graph to quickly identify overlaps between
reads, allowing to select on a minimum overlap length and maximum overhang
length. The assembly graph is constructed by starting with the graph for an
arbitrary read and iteratively extending it by overlapping it with other reads.
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ABruijn also includes an error correction routine, during which a best consensus
between reads is found by identifying low-error stretches and, in between those
stretches, choosing the consensus sequence that maximizes the likelihood of the
read sequences.
In two independent benchmarking efforts (2D, R7.3, MAP005/006 and 2D,
R7.3/R9, MAP006/007), ABruijn assembled an S. cerevisiae genome with higher
contiguity than other included assemblers (Canu, Minimap/Miniasm, SMARTdenovo and PBcR) [91; 90] (Table 2.1). However, ABruijn was also the only
assembler to produce chimeric contigs. Furthermore, Canu’s assemblies showed
higher identity with the reference genome. Thus ABruijn’s assembly routine tends
to return longer contigs, while Canu is less error-prone.
TULIP As more reads are required to cover larger genomes, and as the time
required for all-vs-all overlapping increases quadratically with an increasing number
of reads, it follows that the overlap step of OLC assemblers may take unfeasibly
long for very large genomes. To tackle this issue, The Uncorrected Long read
Integration Process (TULIP) takes a different approach to read overlapping
[76]. Instead of all-vs-all alignment, short seed sequences are selected, which the
assembler then attempts to align with long reads. This drastically cuts down
the overlapping complexity and makes efficient use of long reads to cover long
stretches of the genome between the seed regions. The resulting graph represents
seeds as vertices and the connecting reads as edges. In a graph cleaning step,
vertices with multiple in- or outgoing edges are revisited. Spurious and superfluous
edges are removed aggressively, thus producing a linear graph. Note that, as the
name implies, TULIP does not perform basecalling error correction.
The success of assembly using TULIP highly depends on proper seed selection.
To avoid spurious connections between reads, the seeds need to be sufficiently
unique in the genome and contain few sequencing errors. If available, SGS reads
may be used to construct seeds, although with the increasing accuracy of MinION
reads, the ends of long reads may be used as well. Apart from cutting out the
need for SGS methods, the latter approach has the added advantage that pairs of
seeds are connected by at least one long read. Furthermore, as TULIP is not able
to assemble regions in which the gap between seeds is larger than the read length,
a proper seed density over the entire genome is required. If a marker map is
available for the genome, this information can be used to control the distribution
of seeds in the selection process.
As a first demonstration of TULIP’s efficiency, Jansen et al. assembled the
genome of the European eel Anguilla anguilla (approximately 850Mbp) with 18x
coverage in three hours (excluding sequence polishing), requiring only 4.4GB
of RAM and four threads [76]. The resulting assembly was more continuous
than the SGS-based reference genome. As was the case with Minimap/Miniasm
however, the current quality of MinION reads combined with the lack of an
error correction step necessitates post-assembly correction. The authors further
showed that missed seed alignments were the most commonly encountered issue
during graph simplification, followed by tangled alignments due to repetitive seeds
and spurious alignments. The seeds, constructed from short SGS reads, only
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underwent selection by uniqueness, which did not lead to an equal distribution
over the entire genome; however, density remained high enough for successful
assembly. The authors noted that assembly using the tips of MinION reads
as seeds proved successful for Escherichia coli genomes, but this has not been
attempted for larger genomes yet (personal communication, May 1, 2017).
HINGE Although long reads provide a definite edge when attempting to resolve
repeat regions, issues may still occur if not all individual repeats are spanned by at
least one whole read. In such cases, HINGE may provide a solution. Rather than
attempting to resolve frayed rope structures in the assembly graph afterwards,
HINGE pre-processes the reads to separate repeat regions that are entirely spanned
by a read (and are thus more easily resolvable) from those that are not, and
collapses the latter beforehand [94].
First, HINGE attempts to identify reads that wholly or partly overlap a repeat
region. It does so by performing all-vs-all alignment and then selecting those
reads of which a stretch aligns to a proportionally larger number of other reads
than the rest of the read. The intuition behind this is that reads from all copies
of a repeat region existing in the genome align to each other, thus causing a
characteristic abrupt increase in alignments for reads that overlap these repeat
regions. Repeat regions covered entirely by at least one read can be easily resolved
and are omitted from the following procedure. Of the reads lining the same repeat
region, the reads that extend furthest into the repeat region (regardless of the
location of the actual copy), are designated ”hinges”. In the subsequent greedy
extension of the hinges, the contigs will split at the hinge regions. Like Miniasm,
HINGE outputs its assembly in the form of a graph. As its authors show, this is
particularly useful for circular genomes.
HINGE provides an elegant solution to long repeat resolution, by separating
resolvable regions from unresolvable ones beforehand. Its authors compared
HINGE to Miniasm on PacBio reads of 997 circular bacterial genomes and found
that overall, HINGE produced a completed genome in more cases than Miniasm
could [94]. Whether the precaution taken by HINGE is necessary is dependent on
the genome under consideration and the used reads; if the genome is known to
contain repeats longer than most of the reads, the described approach would be
justified.

2.3.3 Post-assembly correction tools
A number of tools attempt to improve, or ”polish”, assemblies by remapping long
reads to the assembly and adapting the assembly to increase local resemblance to
the reads. These polishing tools may be essential to use after assembly pipelines
that do not include a consensus step themselves, such as Minimap/Miniasm, but
have also frequently been used to polish assemblies produced by assemblers that
do include this step. In this section, a selection of polishing tools is described.
Notably, ONT recently published the source code for their own neural networkbased polisher, Medaka. Although this tool may become a valuable addition to
assembly pipelines in the future, it is currently in an early stage of development.
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Nanopolish Nanopolish attempts to find an optimal consensus between an
assembly and the raw current signal output by the MinION, by iteratively proposing and evaluating small adaptations to the assembly based on the original reads
[75]. The proposal mechanism for adaptations works in two steps. First, reads
are aligned to the assembly and the resulting multiple alignment is divided in
50 bp subsequences of the assembly. For each read aligning partly or fully to a
subsequence, sections in which events perfectly align to the assembly are detected.
The consensus sequence between each pair of aligning sections is replaced by the
aligned read subsequence, creating an initial set of alternative candidate sequences.
In the second step, this set is further extended by proposing every possible onebase deletion, insertion and substitution in the previously generated candidate
sequences. Of this set, the sequence maximizing the likelihood of observing the
raw signal is picked. This process allows Nanopolish to explore a decent number
of likely modifications, while remaining computationally tractable. As of v0.8.4,
available information on methylation sites can be used to improve the quality of
those sites even further. As epigenetic modifications were shown to influence the
current signal [77], this may result in a significant improvement.
Nanopolish was found to improve assembly quality, regardless of the assembly tool used. One study on E. coli sequencing data reported that identity to
the reference genome rose from 89% to 99% when Nanopolish (v0.4.0) was applied after Minimap/Miniasm, while improvement after Canu was more modest
(98.2% to 99.6%) [106]. Notably, the previously mentioned Wick et al. benchmark showed that methylation-aware polishing brought the identity of referencebased assemblies up significantly to 99.9% versus 99.7% after polishing without
methylation-awareness. An assessment on a de novo assembly has yet to be made.
Despite its efficient searching heuristic of block replacement and mutation,
running Nanopolish remains a time-consuming step; in two separate benchmarking
efforts, one on an E. kobei assembly produced by Minimap/Miniasm and one
on a S. cerevisiae assembly by Canu, running Nanopolish (v0.4.0 and v0.5.0
respectively) required more than a month of extra CPU time [97; 90]. Later
versions of Nanopolish (especially v0.7.0 and up) were reported by its authors to
work much faster.
Racon Racon [107] corrects MinION assemblies by finding a consensus sequence
between reads and the assembly through the construction of partial order alignment
(POA) graphs. After alignment of the reads by a mapper of choice (e.g. Minimap or
Graphmap), Racon segments the sequence and finds the best alignment between a
POA graph of the reads and the assembly. By default, the alignment is performed
using the Needleman-Wunsch algorithm, which can align sequence and POA graph
with little adaptation. The alignment process is sped up by parallelization. Racon
was reported by its authors to be two orders of magnitude faster than the popular
(yet currently deprecated) Nanocorrect [75] after assembly of an E. coli genome by
Miniasm, albeit not quite as good at diminishing the error rate (to 1.31% versus
0.62% for Nanocorrect). Compared to consensus steps in Falcon [108] and Canu
[93] on that same assembly, Racon remains an order of magnitude faster while
producing similar error rates. A closer look at the remaining errors reveals that
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the majority consists of indels. As indel basecalling has drastically improved in
newer basecallers (versus the pre-transducer basecallers used by Racon’s authors),
these would likely allow Racon to reach even lower error rates. Finally, the total
genome size estimate following application of Racon was closer to the reference
genome size than the estimates of Canu, Falcon and Nanocorrect.

2.4 Discussion
Nanopore sequencing is a promising new venue in biology research. Inexpensive,
small, capable of producing long reads and freed from the need for nucleotide
labeling or amplification, it is conceivable that the MinION will make cost-effective,
fast and portable de novo whole genome sequencing of even complex genomes
possible in the future. In this review, an attempt was made to give an updated
overview of the progress in this field, focusing in particular on de novo whole
genome sequencing.
Available basecaller tools have been improving rapidly in accuracy. Notable
recent improvements include the move toward raw signal-based calling and the
inclusion of a transducer. For the next step in a typical sequencing routine,
assembly, OLC-assemblers are currently considered the best option for accurate
de novo nanopore-based assembly. The choice of assembler should be adapted
to the characteristics of the genome and the priorities of the user. Canu is
a complete and accurate solution, although SMARTdenovo was shown to be
much faster against slightly diminished accuracy. The best of both methods may
be obtained by combining Canu’s error correction module with SMARTdenovo.
Minimap/Miniasm is by far the fastest option available, but as it lacks any form of
error correction, cannot produce a usable genome draft without any post-assembly
correction. For large, complex genomes, TULIP may be the more tractable
alternative. Lastly, stand-alone post-assembly consensus error correction tools
Nanopolish and Racon are a worthwhile addition in de novo sequencing pipelines
and a necessity in combination with assemblers that do not contain a sequencing
error correction step of their own.
Currently, the most prominent obstacle for de novo sequencing using the
MinION is the high error rate of the reads. Improving basecalling accuracy would
not only improve assembly quality in a direct manner, but may also allow more
computationally efficient assembly.
The active research community surrounding the MinION has booked great
progress in both the development of new applications and improvements on
accuracy of existing ones. ONT also continuously works on improvements for
both its hardware and software platforms, and regularly updates its users on
this. Although these updates often entail welcome new features or some form of
accuracy improvement, it should be noted that this policy has also lead to some
difficulties. Developers may not be able to keep pace with ONT when evaluating,
updating or calibrating their tools, and users may not always know which tool is
suited best to their data and needs. As a result, most published studies, including
tool benchmarking efforts, were conducted using older or multiple chemistries.
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Although such growing pains are to be expected for a novel fast-developing field of
research, the MinION’s current state of development may allow for some increase
in stability, thus giving the user community the time for proper evaluation.
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Abstract
Förster resonance energy transfer (FRET) is a useful phenomenon in biomolecular
investigations, as it can be leveraged for nano-scale measurements. The optical
signals produced by such experiments can be analyzed by fitting a statistical
model. Several software tools exist to fit such models in an unsupervised manner,
but lack the flexibility to adapt to different experimental setups and require local
installations. Here we propose to fit models to optical signals more intuitively
by adopting a semi-supervised approach, in which the user interactively guides
the model to fit a given dataset, and introduce FRETboard, a web tool that
allows users to provide such guidance. We show that our approach is able to
closely reproduce ground truth FRET statistics in a wide range of simulated
single-molecule scenarios, and correctly estimate parameters for up to eleven
states. On in vitro data we retrieve parameters identical to those obtained by
laborious manual classification in a fraction of the required time. Moreover, we
designed FRETboard to be easily extendable to other models, allowing it to adapt
to future developments in FRET measurement and analysis.
Availability: Source code is available at
https://github.com/cvdelannoy/FRETboard (DOI:10.5281/zenodo.4006487). The
FRETboard classification tool is also available as a browser application at
https://www.bioinformatics.nl/FRETboard.

3.1 Introduction
Over the past decades, single-molecule Förster resonance energy transfer (smFRET) experiments have provided fundamental insights in biomolecular structure
and many molecular mechanisms [e.g. 7; 8; 109; 9; 110; 111; 31; 112]. Although
all experiments essentially rely on the same principle – that of distance-dependent
energy transfer efficiency between fluorescent donor and acceptor dyes – the use
of different labeling schemes allows for versatile application. For instance, dyes
fixed to two points on a single molecule may provide spatial information valuable
in solving its structure [8; 9], or register structural dynamics as the molecule
exerts its biological function [7]. Fixed to separate molecules, FRET may provide
information on the occurrence and nature of molecular interactions [109–111]. If
a single dye pair provides insufficient information, a multitude of dye pairs may
even be read out simultaneously by making use of stochastically blinking dyes
[113]. As each labeling scheme produces data of a different nature, it follows that
widely applicable smFRET data analysis software should be flexible enough to
adapt to these varying natures.
smFRET users currently may choose from a wide array of software packages,
which mostly vary in scope and underlying trace analysis algorithms [32; 114–
118; 34; 119; 35]. The core utility included in all packages is the estimation of
FRET efficiency distributions and transition rates given a set of traces, for which
most rely on some flavor of hidden Markov model (HMM). While packages differ
in how HMMs are fitted, the overall consensus is that the influence of the user
in the fitting process should be minimized to safeguard objectivity. However an

FRETboard: semi-supervised classification of FRET traces

43

automated fitting procedure may find one of several good fits of which some may
not make sense given the experimental context, a context which the user could
provide.
Here we show that an HMM may be given that context for any particular
FRET data set using a semi-supervised fitting approach, i.e. by allowing the
user to manually curate classification of a limited number of traces to steer the
model (Figure 3.1). Such direct intervention at the classification level makes
model fitting a flexible, intuitive and computationally light-weight process. We
further increase accuracy by introducing a more elaborate HMM structure that,
to our knowledge, has not previously been applied to smFRET data. Using
several additional features derived from the original signal further boosts accuracy
and increases the flexibility to adapt to data of different labeling schemes. Our
method is available for use through our web tool, FRETboard. FRETboard is a
smFRET trace analysis solution which also supports data filtering and graphing
utilities. As the smFRET field is rapidly developing and diversifying, we designed
FRETboard to grow with the needs of the user community; by allowing anyone
to easily extend FRETboard with existing or future classification algorithms, our
tool may continue to serve as a unifying web front-end for high-level users with
both niche and general classification needs.

Figure 3.1: Our semi-supervised classification workflow for FRET trace classification, as implemented in FRETboard, is divided in 4 steps. [1a] FRET traces
are uploaded to the web server, after which parameters (θ) of an initial model
are fitted unsupervised and [1b] an initial trace classification is predicted. A
suitable model generated during a previous FRETboard run can also be supplied
to skip initial fitting. [2] The user is then shown the predicted classification
of the trace at index n, Xn , with duration Tn , for which model fit was poorest
based on duration-normalized trace probability given current model parameters
(P (Xn |θ)/Tn ), and is asked for manual correction. [3] The curated trace is then
used to reinitialize the model, which [4] is then trained in a (semi-)supervised
fashion. Steps 2 to 4 may repeated until model fit is deemed satisfactory by the
user.
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3.2 Methods
The FRET trace analysis method presented here is different from previous methods
in three respects: the semi-supervised training approach, the structure of the
models that are fitted and the features on which they were trained. Here we
explain and justify our choices in each of these respects.

3.2.1 Semi-supervised model fitting
We introduce semi-supervised fitting of models for the classification of FRET
traces. The aim is to utilize the user’s insight in the data structure to steer
repeated light model fitting procedures, so that the resulting model will match
the user’s intuition. The fitting procedure is summarized in Figure 3.1 and a
high-level description is given below. A more detailed description is given in
Supplementary section 3.1.3.
The procedure is initialized by fitting an unsupervised HMM on all loaded
traces in a traditional manner, using randomly generated initial parameters which
are then fitted using an implementation of expectation maximization (EM). The
only user-provided guidance at this point is the number of states that should be
recognized. Traces are classified and the trace for which the state path probability
normalized over sequence length (P (Xn |θ)/Tn was lowest is presented to the user
for manual correction of the classification.
The probability of assigned states for a given trace may be poor due to the
presence of noise. If this is the case a user may choose to assign noisy measurements
to a state they deem appropriate. However if it is more appropriate to remove
the noise, as is the case in bleaching and blinking events, a the user may filter
these measurements out by assigning them to a separate state reserved for such
events. Such a state may be discarded prior to FRET distribution and transition
rate analysis. Alternatively, model fit may suffer if the trace contains more or less
states than those included in the current HMM. For example, we show this to be
the case for simulated traces containing three states if the model contains only
two states (Supplementary figure 3.S3). In that case the user may simply adjust
the number of states and adjust classification appropriately.
After applying manual corrections, the first semi-supervised training round
on all loaded traces is started. State distributions and transition rates can now
be deduced from the corrected trace and be used as initial parameters, after
which the HMM is refitted on supervised and unsupervised traces simultaneously
using semi-supervised EM. After refitting, traces are reclassified and the trace
now marked by the lowest state path probability is presented to the user. The
procedure is repeated until the user finds that presented traces are correctly
classified.

3.2.2 Features
We trained our models on a combination of four features. The proximity ratio
EP R is included as an approximation of FRET efficiency and is defined as:
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Here FD
and FADem
are the original donor and acceptor emission and Fsum
em
Dex
ex
denotes the summed donor and acceptor intensities FD
+ FADem
= Fsum . We
em
also include the summed intensity as a separate feature, as it is expected to aid
in the detection of bleaching.
Furthermore we used two time-aggregated features that capture the variability
of features over a sliding-window of five measurements; the Pearson correlation
Dex
ex
coefficient between FADem
and FD
(C) and standard deviation of Fsum (σFsum ).
em
These features may aid models in capturing feature distributions characteristic
Dex
for state transitions (Figure 3.2B). We specifically refrain from using FD
and
em
Dex
FAem as features, as systematic variations frequently occur between experiments
or even within the same experiment, which decreases the generalizability and
re-usability of a trained model.

3.2.3 Model structures

Figure 3.2: Hidden Markov model graph structures used in this work: (A) the
plain ”vanilla” structure, and (B) the ”GMM-HMM” structure, in which each
state contains a Gaussian mixture distribution and additional states for feature
distributions at state transitions. Circles denote states with a characteristic feature
distribution, arrows denote transitions. Three-state structures are shown here,
however similar structures with an arbitrary number of states can be constructed.
We evaluate the performance of two HMM structures in a semi-supervised
learning setting (Figure 3.2). Each structure implements transitions and emissions
differently and can be extended to an arbitrary number of states. The ”vanilla”
structure produces a straight-forward fully-connected HMM sporting no further
modifications. The ”GMM-HMM” structure models emissions using a Gaussian
mixture model (GMM), which add the flexibility to classify noisier distributions
as a single state, using multiple Gaussians. The number of Gaussians per GMM is
determined per state using a Bayesian information criterion (BIC)-selection procedure. Furthermore this structure adds additional ”edge states” between states,
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which are trained on measurements around a detected transition. Transitions
between states may only occur through these edge states. If state transitions
are marked by a signature distribution in a certain feature, this distribution is
captured by the edge state, which allows for more accurate detection of state
transitions. For example, under some labeling schemes transitions between FRET
events may be marked by negative correlation between donor and acceptor signal, thus training a GMM-HMM on such data while using pearson correlation
coefficient as a feature would make use of this fact.

3.2.4 Implementation
To facilitate application of our method we developed FRETboard, a browser-based
graphical user interface (GUI) for semi-supervised training of segmentation and
classification algorithms (Supplementary figure 3.S1). In addition to intuitive
example supervision, FRETboard offers users the flexibility to choose between
model structures and opt which features to include. As we foresee that more
suitable supervise-able classifiers may be proposed for the growing number of
labeling schemes in the future, we also offer users the option to write custom
algorithms and train them through the same FRETboard front-end. However
due to the security risk of code injection that is inherent to running such custom
code, users are advised to only allow this option on private machines that are not
exposed to the public network.
Traces may be loaded in plain text, binary 64-bits or photon-HDF5 [120]format, and may be corrected for background emission using our DBSCAN-based
filter (Supplementary section 3.1.4).
After the training procedure, the user may generate a report detailing feature
distributions per state and transition rates. Transition rates are derived by
deriving a transition matrix (A) from classified data, converting from discrete to
continuous rates and multiplying by the frame rate fs , thus arriving at corrected
transition rates F (Equation 3.1) [114].
F = I + fs · log A

(3.1)

Here I is the identity matrix and log denotes the natural matrix logarithm
operation. 95% confidence intervals (CIs) of transition rates are estimated by
repeatedly extracting transition rates from bootstrapped data. The CI is then
reported using the bootstrap standard deviation on each parameter. Note that
bootstrapping CIs is applicable to almost any (semi-)supervised model, thus any
user-defined algorithm can make use of the same method. FRETboard is available
as a web tool (https://www.bioinformatics.nl/FRETboard), thus freeing users
from the burden of installation and maintenance, but it can also be used and
hosted on a private server. FRETboard was written in python 3.7 (https:
//www.python.org). The GUI was implemented using the Bokeh interactive
visualization library (v1.4.0)[121] (Supplementary figure 3.S1). Included HMM
model structures were implemented using pomegranate (v0.13.4) [122] and scikitlearn (v0.21.2) [123].
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3.3 Results
Below we validate our analysis method on four in silico and four in vitro data
sets. To demonstrate the flexibility of our method, the different sets were simulated or recorded assuming a variety of realistic labeling schemes. All data
sets used here are freely available (https://git.wageningenur.nl/lanno001/
fretboard_data). All FRETboard runs were performed on a laptop running
Ubuntu 18.04, on four CPU cores (Core i7 1.80GHz, Intel Corp.) with 4GB of
memory. In total we supervised ten traces for each data set (3% and 10% of the
total number of reads for in silico and in vitro data sets respectively), making
use of the four described features (EP R , Fsum , C, and σFsum ).
We assessed how well semi-supervised HMMs were able to reproduce ground
truth parameters for simulated state sequences or, in the case of in vitro data,
parameters acquired by manual labeling. To test whether predicted EP R distributions attain a mean comparable to either reference value, we apply the two
one-sided t-tests (TOST) procedure [124]. That is, for a given state s the predicted
mean of EP R (µ̂s ) and the reference mean (µs ) are calculated and two one-sided
t-tests are employed to test H01 : µ̂s − µs ≤ − 2δ and H02 : µ̂s − µs ≥ 2δ versus
H1 : − 2δ < µ̂s − µs < 2δ . A rejection of both null hypotheses implies that the
difference between emission means is significantly smaller than δ EP R percentage
points. Here we test for a maximum deviation of five or ten percentage points
(δ = 0.05 and δ = 0.1 respectively), which we consider sufficiently accurate for
many current applications. We report the TOST p-value for a given δ = δ ∗ as
pδ=δ∗ . Reported 95% CIs around estimated transition rates were calculated using
FRETboard’s built-in bootstrapping method, using a bootstrap size of 100.

3.3.1 Performance on in silico data
To demonstrate the flexibility of our approach, we simulated realistic FRET
traces based on three different labeling schemes and classified them using a semisupervised vanilla HMM. Briefly, the first two data sets contain two and three
FRET states respectively, which are separable based on EP R only (Supplementary
figure 3.S2A, B). The third data set contains three states, of which the third
is identical to the second in its proximity ratio but has a different transition
rate, making it a “degenerate state” (Supplementary figure 3.S2C). For a full
description of the simulation methodology see Supplementary section 3.1.1.
In all cases, estimated mean EP R significantly differed less than 5 percentage
points from the ground truth mean(pδ=0.05 << 0.001, Figure 3.3A-C). Most
ground truth transition rates fell well within bootstrapped 95%-CIs around the
predicted rates (Figure 3.3E-G). If a degenerate third state was present it was
identified as such, however occasional misclassification between the two high-FRET
states led to transition rates slightly differing from ground truth values (Figure
3.3G). In general we find that two rounds of semi-supervised training suffices to
obtain parameter estimates close to ground truth values, while further rounds
account for minor adjustments (Supplementary figure 3.S4). Apart from the
manual correction, no further parameter tuning or other user input was required,
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demonstrating that semi-supervised training provides the expected flexibility while
maintaining accuracy.
To stress-test our method on a more difficult case, we generated a data set in
which eleven FRET states of differing EP R -levels were present (Supplementary
figure 3.S2D). The mean EP R values were distributed such that their corresponding
donor-acceptor distances were evenly distributed, thus causing lower and higher
ends of the EP R spectrum to be more densely crowded with states. As both visual
examination during the training procedure and the produced results indicated
poor performance by the vanilla HMM (Supplementary figure 3.S5), we repeated
our analysis using the GMM-HMM structure. Six of eleven EP R distribution
means significantly differed less than five percentage points from the ground truth
means (pδ=0.05 << 0.001, Figure 3.3D), with the remaining five differing less
than ten percentage points (pδ=0.1 << 0.001) and transition rate estimates were
closer to ground truth values than vanilla HMM estimates (Figure 3.3H). This
demonstrates another strength of our method; if the user discovers upon visual
inspection that simpler models cannot capture a user’s classification, the training
procedure is light enough that a more elaborate model can be selected on the fly,
after which the analysis can continue without extra effort.
Finally we assessed how well the semi-supervised approach of FRETboard
mitigates the effects of decreased signal-to-noise ratios (SNRs). We find that the
GMM-HMM structure correctly estimated transition rates down to an SNR of 4.0,
while EP R levels could still be deduced down to an SNR of 2.75 (Supplementary
figure 3.S6). Interestingly the accuracy of manual labeling of traces decreased with
SNR as well, thus increasingly erroneous supervised examples further contribute
to the innate difficulty of classifying low-SNR data.

3.3.2 Performance on in vitro data
We further validated our method on experimental data generated under immobilization schemes often used in single-molecule FRET, each marked by different
classification challenges. Similar to our simulations, our in vitro data contains up
to two types of FRET events and one ground state, which may be discernible by
proximity ratio or transition rate. Lacking knowledge of the state sequence, we
manually classified our data sets and used this classification to estimate proximity
ratios and transition rates. A more extensive description of experimental methods
can be found in Supplementary section 3.1.2. All experimental data was analyzed
using the GMM-HMM model structure, as the vanilla structure did not show a
satisfactory increase in classification quality as training progressed (Supplementary
figure 3.S7).
First we designed an experiment in which a donor (Cy3)-labeled single-stranded
(ss) DNA, containing a target site A, is immobilized through biotin-streptavidin
conjugation on a quartz slide (Figure 3.4A). During measurement, we add (Cy5)labeled eight-nucleotide ‘imager’ strands, which upon binding to site A produce
FRET events marked by anti-correlated donor and acceptor signals (Figure 3.4E).
Similar labeling schemes have previously seen application in point accumulation
for imaging in nano-scale topography (PAINT) methods and the study of on- and
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Figure 3.3: (EP R ) distributions per state in boxplots (A-D) and transition rates
(E-H) as estimated by a semi-supervised hidden Markov model on four simulated
data sets based on different labeling schemes; (A,E) producing two types of
spatially separable FRET events, i.e. with different EP R distributions, (B,F)
three spatially separable states, (C,G) three states of which one containing no
donor or acceptor signal and the others exhibiting only a kinetic difference, i.e.
separable by transition rate and (D, H) eleven spatially separable states. Symbols
above EP R boxplots denote how much estimated means significantly differ from
the ground truth at most (⋆: 0.05, ⋆: 0.1). Solid black lines in E-H indicate 95%
bootstrapped CIs. Dotted lines in H denote ground truth values.

off-rates (kon and koff ) in biological systems [125; 126]. In this labeling scheme,
bleaching of the donor dye due to continuous excitation occurs frequently, which
may negatively impact kinetics analysis. Instead of requiring the user to remove
bleaching events prior to analysis, we capture them in a separate state while
training our GMM-HMM. This bleached state may then be discarded. Following
this approach, we find that manually obtained transition rates for ground to
high-FRET state and vice versa indeed fall within their respective estimated CIs
(0.119s−1 versus CI : (0.095 − 0.122) and 0.546s−1 versus CI : (0.468 − 0.578)
respectively, Figure 3.4M). Estimated EP R values (0.151 and 0.816 for ground
and high-FRET states respectively) significantly differ by less than five percentage
points from ground truth values (pδ<0.05 << 0.01, Figure 3.4I).
We also performed the reverse experiment, in which the acceptor is immobilized
and the donor is attached to the imager strand (Figure 3.4B). Although this
labeling scheme does not suffer from dye bleaching as much, the lack of anticorrelation in the signal is expected to increase the difficulty of classification.
Nonetheless, here too the predicted EP R distribution mean of the high-FRET
state (0.844) differed from the manually obtained value by less than 5 percentage
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points (pδ=0.05 << 0.01, Figure 3.4J). As no dye is observable in the ground
state under this labeling scheme, its EP R value is meaningless and not analyzed
here. The manually obtained transition rate from high-FRET to ground state
fell within its predicted 95% CI (0.367s−1 versus CI : (0.333 − 0.429)), while the
rate for ground to high-FRET state was slightly underestimated (0.012s−1 versus
CI : (0.007 − 0.011), Figure 3.4N).
Next, we evaluated performance in two scenarios where two FRET states are
present. For these experiments we followed the same experimental procedure, but
simultaneously flushed in two types of donor-bound free-floating imager strands,
at a 1:1 ratio (Figure 3.4C,D).
In the first experiment, the second imager strand was complementary to a
second target site B at 15nt from the acceptor – 10nt further than target site
A – where imager strand binding should produce an intermediate EP R (Figure
3.4G). Upon analysis, the GMM-HMM model found EP R means of 0.85 and
0.72 for states 2 and 3 respectively, matching the manually obtained state means
(pδ<0.05 < 0.01, Figure 3.4K). Most transition rate estimates fell within the
predicted 95% CIs, except for that from mid-FRET to ground state (0.439s−1
versus CI : (0.483 − 0.780), Figure 3.4O). Upon inspection of traces, we find that
some short mid-FRET events had been erroneously detected in noisy ground state
stretches – a common occurrence in smFRET analysis and therefore not explicitly
accounted for by e.g. removing traces from analysis manually.
In the second experiment, site A was targeted with a second imager strand
of 7nt – 1nt shorter than its counterpart – (Figure 3.4D) which should increase
the off-rate and produce a degenerate state (Figure 3.4H). Here too our GMMHMM produced parameter estimates close to manually obtained values on traces
containing degenerate states, which is surprising given our results on in silico
data. Predicted transition rates from state 2 to ground state were higher at
2.22s−1 (CI : 1.87 − 2.57), than that of state 3 – 0.43s−1 (CI : 0.382 − 0.479) –,
which resembled transition rates seen in other in vitro experiments (Figure 3.4O).
Presumably, state 2 corresponds to the annealing of the shorter 7nt imager strand.
Both are in close agreement with manually obtained rates (2.24s−1 and 0.411s−1
respectively).
Finally, we compared FRETboard estimates for our experiments against those
of three other tools, each of which employs a different solution to the classification
problem: ebFRET [116], which fits an HMM using a Bayesian approach, MASHFRET [115; 119], a flexible software suite that includes several other tools and
infers transition rates through exponential fitting, and DeepFRET [35], which
filters traces from noise using a neural network before classifying them with an
HMM. As we focus on transition rate and emission distribution analysis only,
we fed the same background-subtracted traces to each tool and forced them to
use the correct number of states if it allowed us to do so. We find that for each
experiment, FRETboard returns transition rate and EP R distribution estimates
that are equally close or closer to the manually derived values as estimates of
other tools (Supplementary figure 3.S9). Analysis procedures followed for other
tools are detailed in Supplementary section 3.1.5.
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Figure 3.4: Used labeling schemes (A-D), examples of events produced as correctly
found by semi-supervised HMM classification (E-H), EP R distribution boxplots
per state (I-L) and estimated transition rates (M-P) for four different labeling
schemes on which our semi-supervised HMM fitting method was evaluated. From
left to right, these labeling schemes were producing single-type FRET events
using an immobilized donor (A) or an immobilized acceptor (B), two types of
events producing high- and mid-FRET events (C) and two types of kinetically
different events (D). In J-L, the non-FRET state [1] is omitted as EP R values are
meaningless for labeling schemes in which the donor is not immobilized. In I-J, ⋆
marks EP R distributions for which estimated means significantly differ less than
0.05 from values acquired through manual analysis. In M-P solid lines denote
bootstrapped 95% CIs.
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3.4 Discussion
We show that semi-supervised classification models, in particular hidden Markov
models (HMMs), are capable of capturing properties of FRET events in a wide
array of realistic experimental scenarios, using a combination of input features
derived from the original donor and acceptor dye emission intensities. We also
provide an HMM structure that is better suited for semi-supervised learning than
the straight-forward fully connected model, and provide a particular advantage
in noisy real-world and complex data sets containing more than two states. To
accommodate for the intensive user interaction required for this method we
developed FRETboard, an intuitive browser-based tool that allows data filtering,
model training, classification and report generation.
We placed our method in the landscape of existing analysis tools by comparing
its analysis results to three other often-used tools. We find that FRETboard
model parameter estimates were as accurate or more accurate than those of
other tools, using manual classification as a reference. Furthermore, FRETboard
sports several other features not previously seen in smFRET analysis, including
implementation as an analysis server that can be used remotely in the browser
and the possibility to run custom algorithms. However it should be noted that
FRETboard is focused on trace analysis and does not currently support any
functionality for trace extraction from microscope images. Several other tools
such as MASH-FRET [119; 115], iSMS[117], and SPARTAN [118] do include this
functionality, and therefore provide a more complete software solution.
Another important caveat particular to our method is related to the quality
of the user’s supervision. Contrary to other approaches we give responsibility
for proper classification to the user, embracing the pros and cons of user input;
on the one hand, it allows for efficient training and yields results that match
the user’s intuition, on the other hand it matches mistakes that the user may
make. Users may derive the knowledge necessary for supervision (e.g. number
of states) from their experimental setup as was done in the validation shown
here, or start analysis agnostically and estimate such information from the traces
itself. To test our method in the latter scenario we have entered FRETboard into
the KinSoft challenge (https://sites.google.com/view/kinsoftchallenge/
home), the first blind assessment of smFRET kinetic analysis tool performance.
A publication on the challenge results is pending.
Lastly, we encourage users to design their own classifiers and test them through
the FRETboard interface; many more supervise-able HMM flavors and entirely
different classifiers exist and may be a better fit than the models currently included
for certain experimental data. In consultation with the authors of such custom
classifiers, these may also be included in future releases of FRETboard. This
would allow it to become a unifying front end for FRET trace analysis, with back
end support for the expanding variety of smFRET experimental methods.
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Abstract
Nanopore sequencing is a novel development in nucleic acid analysis. As such,
nanopore sequencing hardware and software are updated frequently and extensively, which quickly renders peer-reviewed publications on analysis pipeline
benchmarking efforts outdated. To provide the user community with a faster,
more flexible alternative to peer-reviewed benchmark papers for de novo assembly
tool performance we constructed poreTally, a comprehensive benchmarking tool.
poreTally automatically assembles a given read set using several often-used assembly pipelines, analyzes the resulting assemblies for correctness and continuity,
and finally generates a quality report, which can immediately be published on
Github/Gitlab.
Availability: poreTally is available at https://github.com/cvdelannoy/poreTally,
under an MIT license.

4.1 Introduction
Nanopore sequencing is a third-generation nucleic acid sequencing method that
produces error-prone long reads of consistent quality. From 2014 onwards, Oxford
Nanopore Technologies (ONT) introduced the three first commercial nanopore
sequencers: the MinION, GridION and PromethION. As is to be expected of
the first attempts at a radically different approach to sequencing, the hardware,
software and sample preparation practices for these devices are updated frequently.
Although ONT’s update schedule provides the user community with tools
of steadily increasing value, it requires downstream analysis tool developers to
repeatedly re-parameterize their tools. Providing updated benchmarks for said
tools has proven difficult as well. In the case of de novo assembly pipelines,
several benchmarks of the most popular tools at a given point in time have been
run and published in peer-reviewed journals [e.g. 91; 127]. However, in each
case ONT significantly improved some aspect of read quality before or shortly
after the publication appeared, rendering it partially outdated. Furthermore,
each benchmarking effort focused on one species, while it has been shown that
read quality and best assembly practices may differ from one taxon to the next
[128; 129].
To address this issue, we propose a community-driven frequent benchmarking
practice and present a tool to facilitate this. We encourage research groups
that make use of nanopore sequencing to benchmark assembly pipelines for their
organisms of interest following a standardized routine and publish their results
directly on-line. This will provide other users working on the same or similar
taxa with an indication of the best assembly pipeline for their case with the most
up-to-date hard- and software. Our tool, poreTally, supports this practice by
offering often-used assembly pipelines, a performance analysis routine, report
generation and publication on free repository hosting services Github or Gitlab in
one package. Optionally, users may submit their results to a collective benchmark
effort. Submitted benchmark results will periodically be summarized and reported
back to the community.

Figure 4.1: Schematic representation of the three-step poreTally workflow (A), which consists of assembly pipeline running
(blue), assembly quality analysis (red) and online publication (green), and examples of four elements in the HTML summary
report generated by poreTally: a Jellyfish-based k-mer abundance graph (B), Nucmer/Quast-based contig alignment plot (C),
aggregated assembly pipeline performance metrics (D) and read set quality measures based on Nanoplot and Minimap2 output
(E). Nanopore reads used in this figure were obtained from Loman Labs at University of Birmingham, UK, reads and constructed
assemblies were aligned to NCBI reference sequence NC 000913.3 to obtain displayed metrics.
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4.2 Methods
poreTally is written in Python 3 (Python Software Foundation, https://www.
python.org/). Its workflow is divided in three steps. First it executes a number
of assembly pipelines on a provided dataset. Then several analysis tools are run on
the produced assemblies. In the final step, summarized results are automatically
published on Github or Gitlab in a readable format (Figure 4.1A).

Installation and running
poreTally can be run using the provided docker container or by installing it
through pip. In the latter case, some minimal requirements have to be met first;
Python 3.6, a miniconda/anaconda installation and Git.
poreTally relies on the Snakemake workflow management system [130] and its
excellent integration with conda environments. First a Snakemake workflow is
generated, containing a set of commands for every assembly pipeline, and executed.
If required, dedicated conda environments containing the necessary tools for a
particular pipeline are generated on the fly.
After the pipelines have finished running, a second workflow is executed to
assess the quality of the original read set and that of the produced assemblies.
Nanoplot [131] and Minimap2 [132] are used to evaluate raw read quality and a
combination of Quast [133] and Jellyfish [134] is used to assess assembly quality.
Finally, results are summarized in an interactive HTML-report using MultiQC
[135] (Figure 4.1B–E). If a git repository address was provided, the results are now
uploaded to Github or Gitlab. At this point the user is also asked permission to
upload the results to a collective benchmarking effort (see Supplementary section
4.1). A detailed step-by-step walkthrough of the full benchmarking process is
given on the poreTally Github.

4.3 Discussion
To adapt to the high pace of development in nanopore sequencing, its users have
sought out faster and more transparent methods to disseminate knowledge. With
poreTally we aim to support this movement. poreTally automates benchmarking of
de novo nanopore read assembly pipelines and immediate publication of benchmark
results in public repositories, thus allowing users to conduct frequent benchmarking
and independently map the landscape of nanopore assembler pipelines.
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Abstract
With its candybar form factor and low initial investment cost, the MinION brought
affordable portable nucleic acid analysis within reach. However, translating the
electrical signal it outputs into a sequence of bases still requires high-end computer
hardware, which remains a caveat when aiming for deployment of many devices
at once or usage in remote areas. For applications focusing on detection of a
target sequence, such as infectious disease or GMO monitoring, the computational
cost of analysis may be reduced by directly detecting the target sequence in the
electrical signal instead. Here we present baseLess, a computational tool that
enables such target-detection-only analysis. BaseLess makes use of an array of
small neural networks, each of which efficiently detects a fixed-size subsequence of
the target sequence directly from the electrical signal. We show that baseLess
can accurately determine the identity of reads between three closely related fish
species and can classify sequences in mixtures of twenty bacterial species, on an
inexpensive single-board computer.
Availability: baseLess and all code used in data preparation and validation is
available at https://github.com/cvdelannoy/baseLess, under an MIT license.

5.1 Introduction
Nucleic acid (NA) sequencing is no longer the costly endeavor it once was; while
two decades ago analysis of a single genome could occupy multiple labs over
several years [136], technological innovations have now driven the per-base cost
down sufficiently to allow routine sequencing for other purposes than scientific
discovery, including forensics [137] and clinical diagnoses [138–140]. The case for
such usage was strengthened further with the introduction of Oxford Nanopore
Technology (ONT)’s MinION, a low-cost, small-size sequencing device. No longer
inhibited by high initial investment costs or poor portability, small laboratories
and individual users may now opt for in-house sequencing and on-site analysis in
remote locations [141–143].
This development was possible due to the introduction of a new sequencing
mechanism; rather than the fluorescence-based sequencing-by-synthesis approach
employed by previous devices, the MinION sequences DNA strands of arbitrary
length by ratcheting them through a nanopore while reading out the electric
current [144]. This readout is colloquially referred to as a “squiggle”. As the
nucleotide combination residing in the nanopore at a given moment influences
the electrical resistance, the squiggle carries information on the sequence. In a
process termed “basecalling”, the NA sequence is deduced from the squiggle.
Although the MinION itself is an inexpensive NA sequencer, real-time data
analysis currently still requires at least a high-end laptop. For some applications,
e.g. the distribution of thousands of devices for infectious disease screening, this
may bring along prohibitively high additional costs. It would therefore be beneficial
if inexpensive computing hardware could be used instead. Depending on the
intended purpose, a computationally lighter analysis pipeline may be a solution.
As fast computing hardware is mainly required for basecalling, some basecallers
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have been developed that trade off lower resource requirements against a decreased
basecalling accuracy. DeepNano-blitz [145] is the most recent open-source example
of such an implementation, while ONT’s proprietary basecaller guppy has a “fast”
running mode for this purpose.
Not all applications require information on the full read sequence however. If
only detection of a set of known sequences is required, these sequences could be detected directly in the squiggle instead, potentially reducing the computational load
even further. Several direct-from-squiggle sequence detection methods have been
proposed. Kovaka et al. developed UNCALLED [27], which assigns a probability
for each 5-mer potentially matching to each squiggle segment and then compares
probable series of 5-mers to a pre-indexed genome to quickly map the read to its
likely location. Its original purpose is to facilitate “adaptive sampling”, that is, to
rapidly detect the likely origin of a read while the strand is still being sequenced,
so that sequencing of strands from non-target sources may be terminated early
[146]. UNCALLED can easily be repurposed to perform general sequence detection; however, the index-based approach carries several disadvantages. Efficiency
decreases for larger and more repetitive genomes and re-indexing is required to
attune the tool to a new target sequence. Moreover, accuracy was found to be
low for short sequences [26]. Similarly to UNCALLED, SquiggleNet was designed
for adaptive sampling [26]. Following a more straightforward approach, it uses a
neural network trained for the recognition of a given genome to decide whether
squiggles belong to a species or not. Previously SquiggleNet was found to outperform UNCALLED in terms of both accuracy and processing speed, but the
required re-training of SquiggleNet for a given species is a highly resource- and
time-consuming process.
Here we introduce baseLess, a computationally efficient and flexible approach
to direct sequence detection (Figure 5.1). Using an array of small neural networks,
each pre-trained to recognize a single k-mer, baseLess can determine whether a
read can be mapped to a given sequence or not. Configuring our tool to detect
a sequence requires only the selection of target k-mers and their associated pretrained neural networks. We show that baseLess can perform species detection on
eukaryotic whole genome sequencing data against a background of similar species,
as well as 16S-based species detection of prokaryotes agnostic of background
sequences. BaseLess is more accurate than direct sequence detection pipelines
and less computationally demanding than basecalling-and-mapping, allowing it
to run on more affordable (∼$100) analysis hardware. As such, it removes an
important economical bottleneck for highly distributed and remote field analysis
using the MinION.

5.2 Results
5.2.1 Tool structure
BaseLess deduces the presence of a target sequence by detecting squiggle segments
corresponding to salient short sequences, k-mers, using an array of convolutional
neural networks (CNNs) (Figure 5.1A). Each CNN detects a single k-mer, a
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Figure 5.1: Schematic overview of the baseLess sequence detection tool. (A)
baseLess detects sequences using an array of pre-trained interchangeable neural
networks, each of which detects a specific k-mer. These k-mers have been specifically selected to allow discrimination of a target sequence. (B) In abundance
mode, network outputs are summed over all reads and presented as an estimate
of k-mer abundance. This estimate is compared against genome-based estimates
for several closely related species by calculating the mean squared rank difference
(MSRD). The species for which the MSRD is lowest is the most likely source of
the reads. (C) In read-based detection mode, a target sequence is sought in each
individual read. A minimum fraction of k-mers needs to be detected in a read
before it is classified as a target read. A target species is detected if a minimum
fraction of analysed reads can be assigned to it. Reads assigned to the target
species are also stored in a FAST5 file for further analysis.

relatively simple task, thus the network complexity can be kept low. This divideand-conquer strategy has several advantages. All CNNs can process a read in
parallel, which makes baseLess computationally efficient. Furthermore, given
a library of pre-trained CNNs, baseLess can easily be reconfigured to detect a
different target sequence by combining a different set of CNNs. Finally, sufficient
data to train the CNNs is usually available; shorter sequences generally occur
more often than longer sequences, thus a read set of any source, once corrected
for basecalling errors (see Methods), provides sufficient data to train for a wide
range of k-mers.
To complete the baseLess network, the outputs of the CNN array are combined
using one of two aggregation rules. If configured in “abundance mode”, baseLess
returns the number of occurrences found for each k-mer, which may then be
compared to abundance estimates derived from a target genome (Figure 5.1B). In
“read detection mode”, the network is configured to decide whether a sufficiently
large fraction of its k-mers have been found in a given read to conclude that
it contained the target sequence (Figure 5.1C). These modes are explained and
evaluated in more detail below.
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5.2.2 Abundance-based species detection

Figure 5.2: Mean squared rank differences (MSRD) based on a comparison of
k-mer abundances estimated from reads by baseLess and the abundances in
genomes of three closely related fish species. A low MSRD indicates that k-kmer
abundances in sample and genome are alike and that reads are thus more likely
derived from that genome. Results are presented for (A) Phalloptychus januarius,
(B) Poeciliopsis turneri, (C) Poeciliopsis gracilis and (D) a family of four P.
gracilis individuals of which no assembled genome was used in the configuration
of baseLess. In A, B and C colored areas denote the 95% confidence interval. In
D, numbers are formatted as mean ± standard deviation over 2000 reads.
As baseLess provides fast and accurate inference on low-cost hardware, it is
highly suited to determine the species or strain to which a given individual belongs
at remote sampling locations, or at many locations simultaneously. Practical
applications of such usage may be found in ecological monitoring of visually similar
species or forensic investigation of patented crops. For such tasks, baseLess should
be configured in abundance mode, which requires the target species’ genome
and a set of background genomes – genomes of species from which the target
species must be discerned. The k-mer set used for discrimination is then found by
combining k-mers that are highly abundant in the target genome yet found less
than average in the background genomes, or vice versa. To determine the origin
of a sample, baseLess ranks k-mers by abundance as measured in the reads and
compares it to their abundance ranking in the target and background genomes,
using the mean squared rank difference (MSRD):
M SRD =

n=1
1 X
(mb,n − mr,n )2
N
N

Here mb,n and mr,n are the rank for k-mer m based on abundances in analyzed
reads and in a reference respectively. N is the total number of k-mers analyzed
in the reads.
To test baseLess’ performance in this scenario, we analysed unamplified wholegenome MinION reads from three related guppy species: Phalloptychus januarius,
Poeciliopsis gracilis and Poeciliopsis turneri [147]. In three separate analyses, we
configured our tool for detection of one of the species against the other two, using
Illumina short-read assemblies of the same individuals as target and background
genomes to avoid the risk of detecting species based on MinION-specific sequencing
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errors. We then analyzed a set of 2,000 MinION reads originating from the target
species. We found that baseLess consistently calls the correct species for each
analyzed readset (Figure 5.2A-C). Moreover, baseLess did not need the full 2,000
reads for any classification; stable MSRD values were attained after 52, 352 and
84 reads for P. gracilis, P. januarius and P. turneri respectively. To test whether
baseLess indeed detects differences between species and not between individuals,
we also ran classification on samples of a family of four P. gracilis individuals,
using a k-mer set selected using the genome of an unrelated P. gracilis individual.
baseLess consistently called the correct species while requiring less than a hundred
reads.
Interestingly, the k-mer rankings also followed the phylogenetic relation between the species; in all detection experiments, MSRD values for P. gracilis and P.
turneri were consistently closer to each other than to P. januarius, which is indeed
of a different genus. This implies that, even if the genome of the correct species
is not included, the relative identity of a sample may be inferred by comparing
measured abundances to several related species.

5.2.3 Read-based species detection
In specific applications, a sample may contain a mixture of DNA of many species,
from which a species of interest must be detected. Possible scenarios include the
screening for infectious disease agents at events or at national borders, or detection
of indicator species for environmental health. In 16S cDNA samples, baseLess
may be configured to detect such a species of interest by selecting a combination
of k-mers unique to the target’s 16S sequence, and running it in read detection
mode. In this configuration, baseLess detects each k-mer on a per-read basis,
rather than summing occurrences over all reads as is done in abundance mode. If
a minimum fraction of target k-mers is found in a read, it is attributed to the
target species. The raw squiggle of found target sequences is stored to allow more
in-depth analysis at a later stage, while non-target reads are discarded to decrease
data storage footprint. To allow reliable detection of a wide range of species
against an arbitrary genomic background, we composed a list of k-mers which
both varied in sequence composition and produced easily differentiable squiggle
segments. This list was further filtered to only contain k-mers that are present in
NCBI 16S sequences, yet sufficiently rare to allow for species discrimination (see
Methods).
To test this approach we amplified and sequenced the 16S rRNA regions of
an artificial microbial community of twenty-one known species on the MinION
(Supplementary table 5.S1). 400,000 reads were fully basecalled and mapped to
the twenty-one genomes of the species to determine their likely origin. No reads
were mapped to the Porphyromonas gingivalis genome, thus this species was left
out of subsequent analysis. Read numbers for other species varied between 11
and 51,040.
We reconfigured baseLess and ran inference for each of the species in a five-fold
cross validation scheme, to determine how well it could identify the origin of reads.
Running speeds were benchmarked on two different classes of hardware; the Nvidia
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Figure 5.3: Performance in 16S-based species detection for a community of 20
species, of baseLess and four competing analysis tools; DeepNano-blitz; Guppy
(fast mode); UNCALLED and SquiggleNet. As DeepNano-blitz and Guppy are
basecallers, not read mapping tools, minimap2 is used to obtain the mapping.
(A) Accuracy and F1 score per species for all four tools. Species are sorted by
read abundance in the dataset, from high (top) to bottom (low). Black bars
denote standard deviation over five cross-validation folds. (B) Analysis speed
for each tool on the Nvidia Jetson Nano (2GB) single-board computer and (C)
on a high-end desktop computer. Black bars denote standard deviation over ten
analysis runs on 1000 reads.

Jetson Nano (2GB), a ∼$100 single-board computer with dedicated GPU (Nvidia
Maxwell, 128 cores@921MHz), and a mid-tier desktop computer with dedicated
GPU (Nvidia GeForce RTX 3070, 5888 cores@173GHz). To allow straightforward
comparison, all tools were given access to 3 CPU cores and the GPU if required.
We compared the performance of baseLess on 16S read classification to that of
four other pipelines: full basecalling by either DeepNano-blitz [145] or guppy in
“fast” mode, followed by mapping using minimap2 [132] (“DeepNano+minimap2”
and “guppy+minimap2” respectively); UNCALLED [27]; and SquiggleNet [26].
BaseLess consistently identified its target reads with more than 95% accuracy
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and an F1 score of 0.54 on average (Figure 5.3A), with the exception of Helicobacter
pylori. Guppy+minimap2 outperformed other pipelines consistently, however
compared to DeepNano+minimap2 and UNCALLED, baseLess yielded a higher
accuracy and a higher F1 -score for all species. Under default settings SquiggleNet
only had sufficient data to classify reads of the three species for which the most
reads were available: E. coli, H. pylori and L. monocytogenes. On these species,
baseLess preformed similarly to, or better than SquiggleNet.
In the speed benchmark baseLess processed 5.0 kilobases per second (kbps)
on the Jetson Nano. We found that baseLess was more than twice as fast as
Guppy+minimap2 (2.0 kbps), which could not make use of the Jetson GPU due
to software compatibility issues. SquiggleNet ran the fastest at 17 kbps. None of
the tools were able to match the theoretical maximum throughput of the MinION
(230 kbps). We were unable to install DeepNano-blitz and UNCALLED on this
hardware, possibly due to incompatibility with the energy-efficient AARCH64 CPU
architecture used in the Jetson Nano and most other single-board computers. As
expected, processing speeds were much higher on high-end desktop hardware with
the three GPU-accelerated tools – baseLess, guppy+minimap2 and SquiggleNet
– performing best. At 1.3 megabase per second (Mbps), guppy+minimap2 was
faster than all other tools. SquiggleNet (420 kbps) was again faster than baseLess
(210 kbps), which in turn out-competed DeepNano+minimap2 (120 kbps) and
UNCALLED (84 kbps).

5.3 Discussion
In this work we proposed a method to identify whole genomes or amplified sequences in nanopore reads by detecting salient k-mers using an array of individual,
interchangeable neural networks. We show that baseLess, our implementation
of this method, is capable of correctly classifying single-species whole-genome
sequencing samples, given the target species’ genome and a set of off-target
genomes. This is useful for species determination of larger organisms, though
not for environmental samples of microbes, which contain many species of which
most may be unknown. We therefore also implemented an alternative running
mode, which allows microbial species detection against an unknown background,
suitable for smaller genomes or PCR-amplified samples.
The world-wide demand for microbe screening, most prominently for infectious
disease agents, is currently filled mostly by lateral-flow antibody and qPCR tests.
Antibody tests have a turnaround time of minutes, require little training to use
and can be mass-produced at low expense, but require a redesign and subsequent
re-distribution for the detection of different targets. Moreover, detection is not
as reliable as that of nucleic acid analysis [148]. qPCR is generally more reliable,
but also requires newly designed primers for different targets. We propose that
MinION-based sequence detection using baseLess could fulfill a role similar to
that of qPCR; while quick and inexpensive mass produced antibody tests are
difficult to improve on for sustained monitoring of a single biological agent, the
fast turnaround times and adaptable nature of MinION-based sequence detection
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would provide an improvement over the logistics and organization required for
qPCR testing sites. Reconfiguring baseLess for the detection of a new agent or
variant only requires loading the networks for a different set of k-mers. Moreover,
as found target reads are stored, these may be analyzed in depth afterwards,
giving researchers an unprecedented wealth of information on mutations from
each detected occurrence of the agent. Especially relevant in this context, though
left unexplored here, would be microbe detection using direct DNA or RNA
sequencing, as omission of PCR steps would bring down turnaround time even
further.
To our knowledge, baseLess is the first tool built specifically to perform
MinION-based sequence detection, but other tools can be repurposed to perform
the same task. We thus compared baseLess to two fast full basecalling-andmapping pipelines and two adaptive sequencing tools. Of these competitors, only
the guppy+minimap2 pipeline could consistently classify reads with a higher
accuracy than baseLess. However, guppy was not optimized for use with lowpowered hardware such as the Nvidia Jetson Nano featured in this work, thus it
ran slower. This may change if current software compatibility issues are resolved
in future releases, although then still the 2GB memory limit of this hardware
may prove problematic. SquiggleNet performed similarly to baseLess in terms of
accuracy and was more than three times faster on the Jetson Nano. However,
due to its high training data requirements it could only be evaluated on three of
the twenty species tested here. BaseLess did not suffer from this disadvantage
as it only needs examples of k-mers to train, which may be obtained from any
source. Furthermore, SquiggleNet requires retraining to detect new species, while
baseLess only needs reconfiguration for a different set of k-mers. We thus argue
that baseLess has more potential to be developed into an accurate yet flexible
sequence detection tool than its competitors.
Several venues may be explored to further optimize our workflow. Importantly,
baseLess’ computational efficiency can be further increased; we ran our tool
using Tensorflow, a fully equipped deep learning library, however to run inference on low-powered hardware more efficiently, light-weight frameworks such as
Tensorflow-lite and TensorRT may be employed. Further optimization would allow
baseLess to analyse reads at a speed more similar to the MinION’s throughput,
or preserve computational resources for other tasks, such as driving the MinION
itself. Furthermore, we note that the amplification of 16S sequences used in our
16S performance evaluation remains a bottleneck in sequence detection. Instead,
the MinION may also be used to directly sequence RNA. As ribosomal RNA
makes up a large part of the total RNA content of prokaryotes [149], it would be
interesting to evaluate classification based on unamplified RNA content instead.
In summary, the results obtained inspire confidence that using baseLess, the
MinION can be turned into a mobile species detector for under $1,000, thus
paving the way for large-scale nucleic acid-based detection of biological agents in
any environment.
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5.4 Methods
5.4.1 Network design procedure
Individual k-mers are recognized using 1D convolutional neural networks implemented in Tensorflow 2.3 [81]. We optimized hyperparameters through 100 rounds
of training and evaluation on 33, 549 and 3, 241 held-out training and test reads
respectively to obtain the final network architecture (Supplementary figure 5.S1).
After each round of training and evaluation, the next hyperparameter set was
selected using a tree-structured Parzen estimator implemented in hyperopt [150].
The objective function was designed to increase the F1 score while decreasing
network size:
L = (1 − F1 ) + λ ·

pc
pmax

Here L denotes the loss to be minimized, pc denotes the number of parameters
in the current iteration of the network and pmax denotes the maximum number of
parameters attainable given the boundaries of the parameter search space. The
parameter λ controls the trade-off between accuracy and network size and was
set to 0.01.
Networks output the posterior probability of their target k-mers being present
in a squiggle segment. The threshold above which this posterior probability
is considered sufficiently high to detect the presence of a k-mer was chosen to
maximize the F1 -score, using a grid search on training data for probabilities
between 0.75 and 0.999 with a step size of 0.001. For read detection mode, the
fraction of k-mers to be detected before the target sequence is considered present
must be set as well. This parameter was optimized simultaneously with the
posterior probability threshold.

5.4.2 False positive rate simulation
An optimal choice for the value of k should balance the abundance of a k-mer,
such that it is rare enough to discriminate sequences, yet not so rare that it never
occurs at all. We approximate this optimal value by considering the probability
of detecting target sequences in random sequences by chance.
Assuming all canonical k-mers are equally represented, the expected number
of k-mer occurrences in a read of length Lread is Lread · 2 · 4−k and the probability
of a k-mer occurring in the sequence at least once can be estimated using a
Poisson distribution. Assuming we draw networks detecting k-mers from a library
of pre-generated networks A, the expected number of k-mers found in a target
sequence at least once can be calculated:
E = P (Xtarget ≥ 1) · |A|
Here Xtarget is the number of occurrences of a k-mer in the target sequence,
|A| is the size of the k-mer network library and E is the expected number of
k-mers in A found in the target sequence. A false positive occurs when a read
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that does not contain the target sequence contains all the selected k-kmers of the
target read by chance. The rate at which this occurs can be estimated as follows:
FPR = P (Xnon−target ≥ 1)E
Here Xnon−target denotes the number of occurrences of a k-mer in the nontarget sequence and FPR denotes the false positive rate. We performed FPR
simulations for different values of k, representative values for non-target sequence
lengths – 30 and 50 kb, representing full nanopore read lengths – and target
sequence lengths – 0.6, 1.5 and 30 kb, representing BOLD barcodes [151], 16S
sequences and whole coronavirus genomes respectively – and selected the value
for k that minimized FPR. Both k = 8 and k = 9 returned good FPR values, thus
we included k-mers of both sizes in subsequent steps.

5.4.3 k-mer library design
For 16S sequence detection we composed a library of 1,500 suitable k-mers, which
should allow detection of a wide range of species. Similar to Doroschak et al. [152],
we used an evolutionary algorithm to select k-mers that are dissimilar in sequence
and produce easily distinguishable squiggles. To enforce sequence dissimilarity,
only k-mers with a maximum Smith-Waterman score of 6 (assuming gap penalty,
match score and mismatch score of -4, 1 and -1 respectively) to other selected
k-mers are allowed, while squiggle dissimilarity is enforced by comparing simulated
squiggles as produced by guppy (v. 5.0.11+2b6dbff). That is, we only accept
modifications made to k-mers by the evolutionary algorithm if both the minimum
and the average dynamic timewarping score between its squiggle and the other
squiggles in the set increase. Furthermore, for the bacterial case study, we remove
the outer 10 percentiles of most abundant k-mers based on 20,959 16S rRNA
sequences obtained from NCBI (Bioproject:PRJNA33175) because these k-mers
are excessively rare or ubiquitous. Additionally, k-mers containing four or more
of G/C or 5 or more of A/T in a row are rejected as the length of homopolymer
stretches can be difficult to detect in squiggles. Starting with a set of random
sequences, we ran the evolutionary algorithm for ten rounds of decreasing numbers
of proposed mutations per sequence; the initial two rounds applied 5 mutations
in each sequence, after which the number of mutations decreased by one for each
two rounds.

5.4.4 Nanopore sequencing
Poeciliidae reads were obtained from a previous study and have been obtained
as described in [147]. For 16S reads, we sequenced pre-made DNA isolate of
microbial mock community A (v3.1, HM-278D, BEI resources) on a MinION
(Mk.1B, Oxford Nanopore plc.) using accompanying flowcell (FLO-MIN106) and
16S sequencing kit (SQK-RAB204).
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5.4.5 Data preparation
All reads were basecalled using guppy (v5.0.11+2b6dbff) in high-accuracy mode.
To obtain a ground truth species assignment for 16S reads, we mapped them
using BLASTN (v2.9.0+) to the expected twenty-one bacterial GenBank genomes
(Supplementary table 5.S1). The species to which the sequence identity was highest
was selected as the ground truth species for that read. To correct sequencing
errors and assign individual bases to each squiggle segment, we aligned reads
to reference genomes using tombo (v1.5.1). P. gracilis, P. januarius and P.
turneri reads were aligned to genomes constructed from the nanopore reads, while
16S reads were aligned to their respective GenBank genomes. These genomes
were also used for salient k-mer detection in the evaluation of read detection
mode. For abundance mode validation, k-mers were selected from GenBank
short read genomes, built from Illumina reads of the same three individuals
(GCA 903067085.1, GCA 902982915.1, and GCA 903068135.1 for P. gracilis, P.
januarius and P. turneri respectively).

5.4.6 Benchmarking
We compared BaseLess performance on 16S reads to four other tools; UNCALLED (v2.0-127-g0fc1cab), SquiggleNet (v1.0), DeepNano-blitz (v1.0) and
Guppy (v5.0.11+2b 6dbff, “fast” mode). As the latter two tools are basecallers
and not mapping tools, the basecalled reads returned by these were mapped to
target genomes using minimap2 (2.17-r941) to produce the final prediction.
We performed accuracy and F1 score benchmarks in stratified 5-fold cross
validation on 335,000 reads. Tools were run on a PowerEdge R740 server (Dell),
on three Xeon Gold 6242 CPUs @2.80GHz (Intel). As Guppy and SquiggleNet
were optimized for GPU usage, they were run on a Tesla T4 GPU (NVIDIA). We
ran all tools in a Snakemake [130] workflow.
Speed benchmarks were performed on two systems, an Nvidia Jetson Nano
System-on-Module (2GB RAM, ARM CPU, 4 cores@1.43GHz, Nvidia Maxwell
GPU, 128 cores@921MHz) and a mid-tier desktop computer (32GB RAM, AMD
Ryzen 3700x CPU, 16 cores@3.6GHz, Nvidia GeForce RTX 3070, 5888 cores@173GHz).
Inference was performed 10 times per tool over 1,000 reads. Tools were given
access to 3 CPU cores and the GPU if they were configured to use it.
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Abstract
Single-molecule protein identification is an unrealized concept with potentially
ground-breaking applications in biological research. We propose a method called
FRET X (Förster Resonance Energy Transfer via DNA eXchange) fingerprinting,
in which the FRET efficiency is read out between exchangeable dyes on proteinbound DNA docking strands, and accumulated FRET efficiencies constitute the
fingerprint for a protein. To evaluate the feasibility of this approach, we simulated
fingerprints for hundreds of proteins using a coarse-grained lattice model and experimentally demonstrated FRET X fingerprinting on model peptides. Measured
fingerprints are in agreement with our simulations, corroborating the validity of
our modeling approach. In a simulated complex mixture of ¿300 human proteins
of which only cysteines, lysines and arginines were labeled, a support vector
machine was able to identify constituents with 95% accuracy. We anticipate that
our FRET X fingerprinting approach will form the basis of an analysis tool for
targeted proteomics.
Availability: lattice modeling code and data are available on Github at https:
//github.com/cvdelannoy/FRET_X_fingerprinting_simulation, and on Zenodo at https://zenodo.org/record/5330741. Trace analysis code is available
on Github, at https://github.com/kahutia/transient_FRET_analyzer2, experimental data is available on request.

6.1 Introduction
Proteins come in a wide variety of shapes, sizes and forms. Each is attuned to
fulfill one or more of the many functions that are essential to living cells, including
the catalysis of metabolic reactions, replication of genetic information, provision
of structural support, transport of molecules and many more. To fully understand
the biological processes taking place in a cell, it is critical to identify and quantify
constituents of its proteome at any given time during the cell cycle. Mass
spectrometry (MS) is currently the gold standard for protein identification and
quantification. Over the past decades, MS techniques have improved tremendously
in terms of accuracy and dynamic range; however, detecting and distinguishing all
proteins in complex samples remains challenging. Many biologically and clinically
relevant proteins such as signaling molecules and disease biomarkers occur in
such low abundance that they remain undetectable by MS. [153]. Moreover, the
proteome complexity increases through alternative splicing or posttranslational
modifications, as a single gene can produce dozens of distinct protein varieties,
referred to as proteoforms [154]. Not all of these proteoforms can be distinguished
by current approaches. As such, there is considerable incentive for the development
of new protein sequencing methods that operate at the single-molecule level
[155; 156].
Single-molecule techniques have boosted DNA sequencing, allowing for the
identification of individual nucleic acid molecules, and are now routinely used
for genome and transcriptome mapping of single cells [157]. However, the search
for single-molecule protein sequencing techniques is not trivial due to the high
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complexity of protein molecules compared to DNA molecules. For example, the
DNA code consists of only four nucleotides whereas there are twenty different
amino acids for proteins. Furthermore, low abundant DNA molecules can be
enzymatically amplified outside the cell whereas such an enzyme is absent for
proteins. Novel single-molecule protein analysis methods have been proposed
to circumvent this additional complexity. Importantly, only a subset of the
theoretically possible combinations of polypeptide chains occurs in nature, and
a fraction of that subset is of importance in a given research setting. Therefore,
proteins may be identified by reading out a signature of incomplete information,
which is then compared to a database of relevant signatures. We refer to this
approach as protein fingerprinting, and to said protein signatures as protein
fingerprints. It has been shown that sufficiently distinct protein fingerprints
only require the read-out of a small subset of residue types [52; 49; 13]. In
particular, simulations indicated that the majority of human proteins were uniquely
identifiable if cysteine and lysine residues were orthogonally labeled and read out
sequentially [49].
Several novel protein fingerprinting methods based on the read-out of a subset of
residue types have recently been demonstrated, most of which require linearization
of the polypeptide chain to allow for the determination of the residue order [158;
159]. This linearization can be achieved by translocating the polypeptide chain
through a nanopore [156] or by using a fluorescently labeled motor protein [49]
to recognize the modified residues required for fingerprinting. Alternatively, the
protein fingerprint can be obtained by labeling certain amino acids and determining
their location through several Edman degradation cycles [12]. Although full-length
proteins are difficult to analyze due to the limited number of Edman cycles that
can be performed, its utility for analyzing shorter peptides has been shown in
a proof of concept. All these approaches have in common that they probe each
protein only once, while the accuracy would increase if the same molecule could
be measured multiple times.
In this study, we present a protein fingerprinting method that builds further
on the concept of residue-specific labeling of selected amino acids and obtains a
protein fingerprint by determining the location of amino acids in the 3D structure
of a protein. As the size of most proteins lies in the low nanometer range,
our protein fingerprinting approach requires a technique that can determine the
location of residues with sub-nanometer resolution. Single-molecule FRET is well
suited for this task and comes with the benefit that several thousands of molecules
can be imaged at the same time, if full-length proteins can be immobilized in a
microfluidic chamber [31]. Here we verify the feasibility of a single-molecule FRETbased protein fingerprinting method. We first demonstrate that experimentally
obtained fingerprints for four model peptides are distinct and are reproduced by
our simulation method. Then we show that simulated fingerprints of 312 human
proteome constituents can be identified with 95% accuracy. If mislabeling of
residues is assumed to occur, this accuracy decreases to 91%. This supports the
notion that FRET X fingerprinting allows for the reliable identification of proteins
in complex mixtures.
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6.2 Approach

Figure 6.1: (A) A subset of amino acids (here cysteines and lysines) are labeled
with orthogonal DNA sequences that function as docking sites for complementary, fluorescently labeled imager strands. Another orthogonal DNA sequence is
conjugated to one of the protein termini, which serves as an acceptor docking
site and facilitates immobilization of the protein to a microfluidic device. (B)
In the first round of FRET X imaging, imager strands that hybridize with the
cysteine docking site (yellow circles) and those that hybridize with the reference
point (red circles) are injected in the microfluidic chamber. Both the donor and
acceptor-labeled imager strands transiently interact with their complementary
docking strands. When both are present at the same time, FRET can occur
and the FRET efficiency is determined between a cysteine and the reference
point. Each of the three FRET pairs is separately probed, giving rise to a number
of FRET efficiencies (E), which constitute the cysteine fingerprint. (C) The
chamber is washed and FRET X imaging is repeated to probe the lysines. This
FRET X cycle can be repeated to probe additional amino acids and generate
additional fingerprints. (D) The FRET efficiencies for individual amino acids are
combined to produce a protein fingerprint that can be mapped against a reference
database to identify the protein. FRET

6.2.1 FRET X for protein fingerprinting
To realize protein fingerprinting using single-molecule FRET, a resolution sufficient
to determine the location of multiple amino acids in the protein structure is
required. However, single-molecule FRET analysis is limited to just one or two
FRET pairs in a single measurement [160; 161]. Recently, our group developed a
concept to allow for the detection of multiple FRET pairs in a single nanoscopic
object. Our technique, FRET X (FRET via DNA eXchange), employs transient
hybridization of DNA strands labeled with a fluorophore to temporally separate
FRET events that originate from different FRET pairs. We have shown that FRET
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X can resolve the distance between multiple FRET pairs with sub-nanometer
accuracy [162; 163]. Here, we apply FRET X for protein fingerprinting. By
detecting target amino acids one by one, FRET X produces a unique fingerprint,
allowing identification of the protein from a reference database. Figure 6.1
illustrates the workflow for protein fingerprinting using FRET X. A subset of
amino acids of a protein of interest is labeled with orthogonal DNA sequences,
which serve as docking strands for their complementary imager strands (Figure
6.1A). One of the protein termini is labeled with a unique DNA sequence, which
functions as a reference point and facilitates immobilization of the full-length
protein to a microfluidic chip. To obtain a FRET X fingerprint for one of the amino
acids, fluorescently labeled imager strands for the terminal reference sequence
and for the particular amino acid (e.g. Cysteine, Figure 6.1B) are added. The
imager strands for the reference point are labeled with an acceptor fluorophore,
while those for the cysteines carry a donor. FRET can occur only when both
imager strands are simultaneously bound. The transient and repetitive binding
of imager strands reports on the relative location of a residue to the reference
point. Furthermore, since the pool of fluorophores is continuously replenished,
the effect of photobleaching is mitigated and we can probe each residue multiple
times, thereby increasing the precision. After obtaining a sufficient number of
FRET events, the FRET X fingerprint can be constructed, reporting on the
distance of each target amino acid to the reference point. Then the microfluidic
chamber is washed and a new imaging solution is injected to probe a second amino
acid (e.g. Lysine) (Figure 6.1C). The FRET X cycle can be repeated for any
number of different amino acids, as long as they are labeled with orthogonal DNA
docking sequences. The detection of multiple types of amino acids improves the
uniqueness of a protein fingerprint, thereby enhancing the chance of identification.
The resolved FRET efficiencies for each amino acid are combined to generate
a protein fingerprint, with which a protein can be identified from a reference
database (Figure 6.1D).

6.2.2 Fingerprinting simulations
The usefulness of our method hinges on its ability to discern FRET X fingerprints
derived from many different proteins, and we run simulations to assess this.
Simulating the FRET X fingerprint for a given protein is a complex endeavor,
as the fingerprint incorporates both sequence and structural information. While
protein structure prediction has seen major advancements recently, cutting-edge
methods [164; 165] remain too computationally costly to assess many proteins.
Furthermore, they cannot account for the presence of conjugated DNA tags.
Instead, we opted to use a computationally much less intensive lattice modeling
approach [166], in which each residue is represented as a single pseudo-atom,
restricted in space to only occupy the vertices of a lattice (Supplementary figure
6.S7). Structures are assigned an energy which is lower for structures more likely to
occur in vitro. Pseudo-atoms may interact with the solvent or with pseudo-atoms
on adjacent vertices, incurring either energy bonuses or penalties depending on
the residue types involved. A structure can then be efficiently energy-minimized
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using a Markov chain Monte Carlo process. That is, random modifications to the
structure are proposed (Supplementary figure 6.S9), and for each modification
the incurred change in energy determines the probability of accepting it. Despite
their simplicity, past investigations have shown that lattice models can reproduce
native protein folding behavior [167–169; 41; 170].
The attachment of DNA tags to selected residues, as required to accurately
model our approach, has not previously been included in lattice models. Coarsegrained models have been used to study the effect of dyes linked directly to
residues using short linkers, which were found to be minor [171; 172]; however,
the additional effect of the longer, bulkier DNA tags on structure may be more
significant. Although data on DNA-tag-protein interaction is lacking, we find that
implementation at the coarse granularity required by lattice models may be built
on two basic assumptions: that tags require sufficient unoccupied space to avoid
steric hindrance and that they repel each other if situated closely together. Indeed,
similar assumptions may be found in other models of ssDNA interaction [173]. A
residue marked as tagged loses its ability to interact with other residues and is
outfitted with a long, bulky side chain (Supplementary figure 6.S11), which incurs
heavy energy penalties for clashes with the main structure and attempts to orient
itself away from nearby tags. In the lattice models thus produced, FRET values
can then be estimated from the simulated dye positions. To simulate the read-out
of FRET efficiencies at a given resolution, we bin efficiencies using the resolution
as bin width. As we have shown in previous work that a resolution of one FRET
percentage point (0.01 E) is achievable, we set the resolution of fingerprints to
0.01 E in simulations, unless otherwise noted. As FRET X allows for orthogonal
read-out of multiple residue types, the sampling can be repeated to produce the
FRET X fingerprints associated with different residue types. Analogously to
experimentally obtained fingerprints, simulated FRET X fingerprints for several
residue types are then combined to serve as features for automated classification
algorithms.
The simulation and classification procedures are described in more detail in
the methods section.

6.3 Results
6.3.1 Experimental FRET X fingerprinting of model peptides
To demonstrate the concept of protein fingerprinting using FRET X and to
compare results with computational predictions, we designed an assay where
DNA labeled peptides were immobilized on a PEGylated quartz surface via biotinstreptavidin conjugation (Figure 6.2A). Each peptide contains an N-terminal lysine
for the attachment of a DNA-docking strand, to allow for the transient binding
of an acceptor (Cy5)-labeled imager strand. Additionally, an orthogonal DNAdocking strand was conjugated to a cysteine residue in the peptide to facilitate
transient binding of the donor (Cy3)-labeled imager strands (Figure 6.2A). The
donor and acceptor imager strands were designed to exhibit a dwell time of
∼2s (Supplementary figure 6.S2), so that dyes could be frequently replenished.
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Figure 6.2: (A) Depiction of the experimental system for peptide fingerprinting.
The target peptide is immobilized through conjugation of its N-terminal biotin
with the streptavidin on the PEGylated surface. The donor (Cy3)-labeled imager
strand (yellow) can bind to the DNA-docking site on the cysteine, while the
acceptor (Cy5)-labeled imager strand (red) can hybridize to the docking site on
the lysine. Simultaneous binding generates short FRET events and is observed
with total internal reflection microscopy. (B) Representative kymograph for a
peptide with a cysteine that is 10 amino acids separated from the acceptor-binding
site. The FRET efficiency for each data point in a binding event (lines) and
themean FRET efficiency from all data points in a binding event (dots) are
indicated as a function of time. A Gaussian distribution (0.88 ± 0.14) is fitted
on a histogram of average FRET efficiencies per FRET event. The means of the
Gaussians are plotted in a separate panel (bottom) and are referred to as the
FRET X fingerprint of the peptide. The FRET population on the left is caused
by donor leakage into the acceptor channel. (C) Our four model peptides have a
lysine at the N terminus and a cysteine at position 10, 20, 30 or 40. See Table
S1 for the full amino acid sequences of the model peptides. (D) Experimental
distributions and fingerprints for each peptide show a downward trend in mean
FRET (E) for increasing FRET pair separation (mean ± FWHM of the Gaussian
fit: 0.89 ± 0.14, 0.75 ± 0.20, 0.72 ± 0.11, 0.57 ± 0.20). See also Figures S2 and S3
for imager strand dwell times and kymographs for single peptides, respectively.
(E) The simulated distributions and fingerprints for the four peptides show a
similar downward trend in distribution means (0.82 ± 0.08, 0.76 ± 0.15, 0.68 ± 0.20,
0.62 ± 0.23). (F) Experimental and simulated data correlate well. Whiskers
denote ± one standard deviation. Standard deviation of experimental data points
is over four kymographs (each consisting of hundreds of events). Experiments
were performed on separate days.
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Furthermore, to increase the probability of the presence of the acceptor imager
strand upon donor imager strand binding and allow for FRET detection, we
injected 10-fold molar excess of the acceptor imager strand over the donor imager
strand. Short-lived FRET events were recorded with single-molecule total internal
reflection microscopy upon binding of both donor and acceptor labeled imager
strands to the immobilized target peptide.
Next, we plotted a kymograph to visualize the FRET efficiency of each binding
event in a target peptide (Figure 6.2B). The FRET efficiency for each data point
(Figure 6.2B, lines) and the mean efficiency per binding event are calculated
(Figure 6.2B, circles). A histogram of the mean FRET efficiency per binding event
shows distinct FRET populations. Gaussian distributions were fit to resolve peak
centers with high resolution [161], which together constitute the fingerprint of the
peptide (Figure 6.2B, bottom panel). To demonstrate the ability of FRET X to
distinguish different peptides with varying FRET pair separations, we designed
four model peptides. These peptides had an incrementing distance, in steps
of 10 amino acids, between donor and acceptor docking strands (Figure 6.2C).
First, we performed single-molecule experiments to obtain experimental FRET X
fingerprints and found a clearly discernible peak for each peptide (Figure 6.2D
and Supplementary Figure 6.S3). Then we simulated FRET X fingerprints for the
same sequences using our simulation pipeline and found a similar trend. We only
fine-tuned the parameters for the repulsion effect between tags to minimize the
difference with experimental values (Figure 6.2E). While each histogram showed a
wide distribution (FWHM of ∼0.1-0.2, Figure 6.2D and E), the Gaussian fit can
be used to resolve the peak with high precision of <0.01 (standard error of mean),
where the achievable precision depends on the number of binding events [162].
Furthermore, In both simulations and experiments we observe a monotonous
decrease in FRET efficiency for increasing FRET pair separation. Furthermore,
the experimentally obtained fingerprints generally correlate well with values found
by simulations (Figure 6.2F). Since for each peptide the minimum inter-peptide
difference in FRET (E) is larger than the maximum standard deviation, we find
that we can distinguish these four peptides by their FRET X fingerprint.

6.3.2 Fingerprinting simulation of protein spliceoforms
We set out to evaluate the performance of our method for targeted proteomics,
based on simulations. For this we sought to identify the different spliceoforms
of the apoptosis regulator Bcl-2 (UniProt ID: Q07817), which are potential
biomarkers for cancer [176] and are likely to produce different fingerprints. While
BCL-XL is an anti-apoptotic regulator, both Bcl-XS and Bcl-Xb are pro-apoptotic
factors [176; 177]. The ratio between these factors is important for cell fate. We
simulated simultaneous labeling of cysteine (C) and lysine (K) to create C+K
fingerprints for each of the spliceoforms, Bcl-XL, Bcl-XS, and Bcl-Xb (Figure
6.3A and B). As the spliceoforms differ in the numbers and locations of C and K
residues, we expected their fingerprints to be dissimilar. This was indeed the case
in simulation (Figure 6.3C). Fingerprints do vary across individual molecules of
the same spliceoform; however, the fingerprints remain sufficiently characteristic
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Figure 6.3: (A) Fully atomic structure for BCL XL, Xs, and Xb (from top to
bottom) as predicted by the RaptorX structure prediction tool [174; 175]. (B)
Energy-optimized lattice model structures with DNA-docking strands attached to
cysteines (orange) and lysines (purple). The reference acceptor docking strand
(red) is added to the N terminus of the proteins. (C) The simulated fingerprint
for spliceoform of the BCL proteins. Fingerprints are based on averaged donoracceptor distances in 100 structural snapshots of Markov chain-generated lattice
model structures (distributions shown in Figure S4). Fingerprints for a second
set of spliceoforms (PTGS1) are shown in Figure S5.
to identify each spliceoform by eye (Supplementary figure 6.S5A). We also trained
and tested a support vector machine (SVM) classifier on 10 replicates in a 10-fold
cross validation scheme and attained an accuracy of 100%. We then simulated
a more difficult scenario, in which we attempted to classify fingerprints for six
spliceoforms of PTGS1 (UniProt ID: P23219) [178]. Although the higher number
of C and K residues made discrimination of fingerprints by eye harder, an SVM
trained and tested in a 10-fold cross validation scheme was still able to separate
the six spliceoforms with 100% accuracy (Supplementary figure 6.S5B).

6.3.3 Analysis of simulated protein mixtures
To evaluate a test case displaying a complexity closer to that found in a single
cell, we selected all UniProt human proteome (ID: UP000005640) entries that
were linked to a single-chain structure in the RCSB protein database and for
which lattice modeling was able to find a configuration without steric hindrance of
docking strands (n = 312). Based on available targeted residue labeling chemistries
and relative residue frequencies in naturally occurring proteins, we simulated
labeling schemes involving cysteine (C), lysine (K) and arginine (R). For each
protein we generated fingerprints based on 10 separately simulated molecules, after
which we trained and tested an SVM classifier in a 10-fold cross validation scheme.
Here we measure overall classifier accuracy. To identify the subset of proteins
for which our method works well, we also analyze the number of well-identifiable
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Figure 6.4: FRET X fingerprint classifier cross-validation performance measures
are shown for three combinations of tagged residue types, C, C + K, and C +
K + R, and two labeling qualities, “optimal”, where all targeted residues and
no off-target residues were labeled, and “suboptimal”, where erroneous labeling
occurred following the rules in Table S3. (A) Venn diagram showing numbers of
proteins that were found to be well identifiable, i.e., that were correctly identified
in more than 5 of 10 cross-validation folds. The total number of proteins is 312.
(B) The identification accuracy of proteins under optimal and suboptimal labeling
conditions. (C) Average classifier accuracy as a function of the number of tagged
residues in structures, aggregated in five groups with similar numbers of tags.
Whiskers denote Gone standard deviation. Accuracies for different resolutions
and suboptimal labeling scenarios are shown in Figure S6.
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proteins, i.e. those for which more than 5 of the replicates were identified correctly.
We find that our classifier performs at 45% accuracy on C-labeled proteins. Of
312 proteins, 123 were well-identifiable, indicating that labeling only C-residues
is sufficient to consistently recognize this subset of proteins (Figure 4A, orange
circle). 57 proteins did not contain C residues and are thus impossible to identify
using only C-labeling. The remaining 132 poorly identifiable proteins generally
produced fingerprints containing few FRET values or highly variable fingerprints,
the latter indicating a lack of structure stability.
When C+K or C+K+R residues were labeled, accuracy rose to 82% and 95%
respectively (Figure 4B). As expected, fingerprints are more likely to obtain a
characteristic signature if distances for more residue types are tracked. Numbers
of well-identifiable fingerprints also rose to 277 and 310 out of 312 respectively.
Regardless of which residue types are labeled, we find that proteins containing
more tagged residues can be identified with higher accuracy (Figure 6.4C).

6.3.4 Robustness against suboptimal experimental conditions
To investigate the effect of labeling errors, we ran simulations for a suboptimal
labeling scenario, with a 90% probability of labeling the target residue and a
certain non-zero probability to label non-target residues (C: 1%, K:1%, R:0.5%,
Supplementary table 6.S3). For C and K these probabilities were based on
experimentally determined efficiencies and specificities found in literature [179–
181].
Overall, we find that labeling errors incur a modest decrease in classifier
performance; for C, C+K and C+K+R labeling, accuracy drops from 45%, 82%
and 95% to 39%, 74% and 91% respectively (Figure 4B). This indicates that
FRET X fingerprints - particularly those gained from C+K+R labeling - contain
the redundant information required to mitigate the effect of imperfect labeling
(Figure 4C). We also investigated the effect of decreased measurement resolution,
however only after reducing resolution far beyond experimentally attainable levels
- past 0.10 E - did we find severe reductions in accuracy (Supplementary figure
6.S6).

6.4 Discussion
Here we present a protein fingerprinting approach that determines the location of
amino acids within a protein structure using FRET X. We provide evidence of
its ability to identify proteins in heterogeneous mixtures using simulations and
demonstrate its technical feasibility by producing experimental fingerprints for
designed peptides.
We experimentally demonstrate fingerprinting of peptides of 40 amino acids
and observe a monotonous decrease in FRET efficiency. This trend is supported
by simulations and suggests that our model peptide has a relatively linear conformation. These peptides do not exhaust the lower end of the FRET-efficiency
domain, which implies that larger peptides and proteins with increased FRET
pair separation can be fingerprinted. While most proteins are considerably larger
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than 40 amino acids, they usually adopt a globular structure, which reduces the
FRET pair separation. The average protein is estimated to have a diameter of 5
nm [182], while the FRET dyes (Cy3-Cy5) used here are expected to be accurate
at distances of up to ∼7 nm [31]. Therefore, our FRET X fingerprinting approach
could be suitable for the identification of a large set of human proteins. This
notion is substantiated by the simulations run using our lattice model, which
shows that also for larger proteins the FRET X fingerprints remain discernible.
We show that simulated fingerprints are sufficiently unique and reproducible to
consistently identify the majority of the proteins in our simulation pool. Moreover,
this result could be achieved by labeling up to three types of amino acids: cysteine,
lysine and arginine, all of which can be targeted for specific labeling using existing
chemistries [156; 179–181]. Interestingly, even if only cysteine is labeled we find
that a considerable subset of proteins remained consistently identifiable, although
labeling additional residue types does increase accuracy, the number of identifiable
proteins and robustness against labeling errors. It should also be noted that the
set of residue types targeted for FRET X fingerprinting can be expanded even
further; labeling of e.g. methionine [183; 184] may be employed to further increase
accuracy or tailor our method to the detection of a given target protein.
A far-reaching goal of the proteomic community is to detect and analyze all
proteoforms that can be derived from a single protein encoding gene [154]. Most
proteoforms have subtle differences, e.g. alternative splicing or post translational
modification, and are difficult to detect with current technologies, such as ELISA,
MS or native MS [185]. We have shown that FRET X has the ability to distinguish
peptides based on the location of a single cysteine, a subtlety akin to those
found in many isoforms, and we have shown two cases in which clinically relevant
spliceoforms are well distinguishable based on their simulated FRET X fingerprints.
This suggests that our FRET X fingerprinting platform would be a suitable
complementary technique for the detection of clinically relevant proteoforms.

6.5 Limitations of study
Although care has been taken to account for the effects of our experimental
method on target protein structures, and thus the produced fingerprints, we
note that the nature of several potentially influential factors have yet to be
elucidated. Importantly, for our simulations we investigated proteins for which
the structure had already been determined; however, in our experimental system,
a microfluidic chamber with non-physiological conditions, proteins may adopt a
different structure or a set of several different structures, creating a discrepancy
between simulated and experimental fingerprints. Furthermore, although we
model the effects of lower labeling efficiency and specificity, we have insufficient
information to model how adjacency of residues targeted for labeling will affect
efficiency of labeling chemistries. Once proteins can be fingerprinted more routinely,
more data will be available to support modeling choices accounting for these factors.
We stress that it is primarily the uniqueness and reproducibility of a fingerprint
that is important for protein identification, not necessarily its predictability from
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a known structure. While our current simulations were performed on a set of 312
known protein structures, we envision that the number of proteins that can be
fingerprinted using our FRET X approach will increase significantly due to recent
developments in protein structure prediction tools [165; 186; 187]. Furthermore,
we expect that as the diversity of a sample decreases from several hundreds to tens
of different proteins through sample fractionation, the fingerprint uniqueness and
thereby the fraction of correctly identified proteins sharply increases. Adequate
sample preparation and purification to reduce sample complexity will be important
for more targeted approaches.

6.6 Methods
6.6.1 Peptide Labeling
Custom designed polypeptides were obtained from Biomatik (Canada) and had a
constant backbone sequence (see Table S1), differing only in the cysteine substitutions. Cysteine residues of the polypeptides were reduced with 40-fold molar
excess Tris(2-carboethyl)phosphine (TCEP) for 30 minutes and then donor-labeled
with 6-fold molar excess monoreactive maleimide-(5’) functionalized DNA in 50
mM HEPES pH 6.9 overnight at room temperature. The acceptor docking strand
was labeled onto a single lysine that is located at the N-terminus of the peptide.
For this, Dimethyl sulfoxide (DMSO) was added to 50% (v/v) and the pH was
increased to pH 7.5 through the addition of NaOH. Next, we added monoreactive
N-Hydroxysuccinimide (NHS)-ester functionalized Dibenzocyclooctyne (DBCO)
(Sigma Aldrich, Germany) in a 25-fold molar excess and incubated for 6 hours
at room temperature. Free NHS-DBCO was removed by using C18 bed micropipet tips (Pierce) according to manufacturer’s protocol. Finally, monoreactive
Azidobenzoate-(5’) functionalized-DNA was added in 5-fold molar excess and
incubated overnight at room temperature. See Tables S1 and S2 for the full list
of substrates.

6.6.2 Single-Molecule Setup
All experiments were performed on a custom-built microscope setup. An inverted
microscope (IX73, Olympus) with prism-based total internal reflection was used. In
combination with a 532 nm diode-pumped solid-state laser (Compass 215M/50mW,
Coherent). A 60x water immersion objective (UPLSAPO60XW, Olympus) was
used for the collection of photons from the Cy3 and Cy5 dyes on the surface,
after which a 532 nm long pass filter (LDP01-532RU-25, Semrock) blocks the
excitation light. A dichroic mirror (635 dcxr, Chroma) separates the fluorescence
signal which is then projected onto an EM-CCD camera (iXon Ultra, DU-897UCS0-#BV, Andor Technology). A series of EM-CDD images was recorded using
a custom-made program in Visual C++ (Microsoft).
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6.6.3 Single-Molecule Data Acquisition
Single-molecule flow cells were prepared as previously described[188; 126]. 34,35
In brief, to avoid non-specific binding, quartz slides (G. Finkerbeiner Inc) were
acidic piranha etched and passivated twice with polyethylene glycol (PEG). The
first round of PEGylation was performed with mPEG-SVA (Laysan Bio) and PEGbiotin (Laysan Bio), followed by a second round of PEGylation with MS(PEG)4
(ThermoFisher). After assembly of a microfluidic chamber, the slides were incubated with 20 µL of 0.1 mg/mL streptavidin (Thermofisher) for 2 minutes. Excess
streptavidin was removed with 100 µL T50 (50mM Tris-HCl, pH 8.0, 50 mM
NaCl). Next, 50 µL of 75 pM DNA-labeled peptide was added to the microfluidic
chamber. After 2 minutes of incubation, unbound peptide and excess Azide-DNA
from the earlier click reaction was washed away with 200 µL T50. Then, 50 µL of
10 nM donor labeled imager strands and 100 nM acceptor labeled imager strands
in imaging buffer (50 mM Tris-HCl, pH 8.0, 500 mM NaCl, 0.8% glucose, 0.5
mg/mL glucose oxidase (Sigma), 85 ug/mL catalase (Merck) and 1 mM Trolox
(Sigma)) was injected. All single-molecule FRET experiments were performed at
room temperature (23 ± 2 °C).

6.6.4 Data analysis
Fluorescence signals are collected at 0.1-s exposure time unless otherwise specified.
Time traces were subsequently extracted through IDL software using a custom
script. Through a mapping file, the script collects the individual intensity hotspots
in the acceptor channel and pairs them with intensity hotspots in the donor channel,
after which the time traces are extracted. During the acquisition of the movie, the
green laser is used to excite the Cy3 donor fluorophores. For automated detection
of individual fluorescence imager strand binding events, we used a custom Python
code (Python 3.7, Python Software Foundation, https://www.python.org) utilizing
a two-state K-means clustering algorithm on the sum of the donor and acceptor
fluorescence intensities of individual molecules to identify the frames with high
intensities[183]. To avoid false positive detections, only binding events that lasted
for more than three consecutive frames were selected for further analysis. FRET
efficiencies for each imager strand binding event were calculated and used to build
the FRET kymograph and histogram. Populations in the FRET histogram are
automatically classified by Gaussian mixture modeling.

6.6.5 Simulations
Fingerprinting simulations were generated using a lattice folding model written in Python 3.7. Simulation and analysis code are freely available at https:
//github.com/cvdelannoy/FRET_X_fingerprinting_simulation. A protein
folding simulation was implemented to incorporate DNA-tags attached to certain
residues and account for their effect on the protein structure. Lattice models were
used because of the far lower computational power needed for folding simulations
compared to fully atomistic models allowing unrestricted movement, which is
attained by reducing each amino acid to a pseudo-atom and restricting its possible
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positions to the vertices of a lattice. Such models have previously been used in
applications where low computational requirements were essential[164–168]. The
procedure starts with a fully atomistic native structure, which is converted to a
lattice structure with tagged residues marked. This structure is then refolded by
making local modifications and calculating the effect these have on the model
energy (Etot ), as calculated by an energy function. Modifications that decrease
Etot are accepted, whereas those that increase Etot are more likely to be discarded
the more they increase Etot . The procedure ends when all DNA-tags fit in the
structure without causing steric hindrance. Aspects of the modeling procedure
are described in more detail below.

6.6.6 Lattice structure
The lattice modeling procedure employed here largely resembles those in previously
published applications[167]. In particular, the model developed by Abeln et al.[167]
was used as a starting point, however the cubic lattice was replaced by a novel
body-centered cubic (BCC) lattice (Figure S6). The octahedral unit cell of a
BCC lattice borders eight neighboring cells through its hexagonal faces and four
through its square faces. However, only connections through hexagonal faces are
considered, as this allows all bonds to be of the same length. As a result, only
even coordinates in the lattice are valid vertices for residue placement[185]. This
implementation increases the number of contacts that each non-endpoint residue
can make from four to six (not including immediately neighboring residues) and
increases the number of directions into which a bond may extend. The resulting
increased flexibility allows lattice models to more closely resemble native folds.
Moreover, alpha helices are represented better as the BCC lattice allows structures
that make one regular turn per five residues.

6.6.7 Tag implementation
As the precise effect of the presence of DNA-tags on protein structure is unclear,
we relied on several basic assumptions to include them in the model. First, we
assume that DNA-tags prefer to reside in the periphery of a protein due to their
polar backbones. Thus, labeling an internal residue should alter local structure
to accommodate sufficient space from the residue to the surface, while tagging
a residue that already resides on the protein surface should affect the structure
less severely. This was implemented by adding a substantial energy penalty if
a tagged residue did not have space for a DNA tag to reach the periphery of
the structure without clashing with the main chain. Secondly, we assume that
tags will electrostatically repel each other. This is represented by introducing a
minimum angle and dihedral between tag pairs that are spatially close together
in a given configuration (Figure S7). To parameterize this effect, we compared
predicted fingerprints of 40-residue model peptides to the presented experimental
data and found that values are reproduced well if at least a 70°angle and dihedral
are enforced between tags situated within 20Å of each other.
Simulated labeling scenarios Two labeling scenarios are employed in this work.
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Under the optimal scenario, all target residues are labeled and no off-target
labeling takes place. Under the suboptimal scenario, both labeling efficiency and
specificity are decreased, following a similar procedure to Ohayon et al.[13]; each
target residue has a 90% chance of being labeled by its dedicated chemistry, while
some off-target labeling probability is defined for one or more other residue types.
Where possible, efficiency and specificity parameters are based on literature (Table
S3).

6.6.8 Structure collection
We base the lattice models used in our fingerprinting simulations on fully atomistic
structures as stored in the RCSB PDB. To obtain a dataset of relevant structures,
we analysed all available PDB entries corresponding to entries in the Uniprot
human proteome set (UP000005640). Of the 20,381 entries in the proteome, 7,133
solved structures were found. We further filtered this list on structure quality,
retaining only those with an R-free value below 0.21, and removed structures with
non-canonical residues as our model contains no energy modifiers for these residues.
Lastly, quaternary structure is expected to be lost during sample preparation,
thus to avoid having to model the effect of losing other chains on the tertiary
structure of the target chain, we removed structures which were crystalized as a
complex of multiple chains. After these filtering steps, 746 structures remained
for our simulations. A lattice models is derived from a fully atomistic structure
by reducing it to its Cα positions and placing each Cα -atom on the nearest lattice
vertex, while remaining connected to its neighboring Cα -atom, starting from the
residue with the lowest index. Alpha helices are forced to remain intact on the
lattice, by first translating involved Cα -atoms to a lattice-compliant helix and then
minimizing the distance between their respective lattice positions simultaneously.
As no PDB structures are available for the 40-residue model peptides labeled
in practical experiments, starting structures for these peptides were stretched
configurations. Starting structures for BCL-X and PTGS1 spliceoforms were
generated using the RaptorX structure prediction server [189].

6.6.9 Folding simulation
After initialization of the lattice model, a Markov Chain Monte Carlo (MCMC)
procedure is employed to minimize the structure energy Etot .
Etot = EAA + Esol + ESS + Etag + Ereq
Residue interaction and residue-solvent interaction terms EAA and Esol are
summed pairwise interaction terms between contacting residues or residue-solvent
contacts, the magnitudes of which are obtained empirically[190]. The secondary
structure formation energy term ESS is adapted from Abeln et al.[167] and incurs
an arbitrarily high energy bonus of -25 if an alpha helix or beta sheet is formed,
but only if a given residue also was part of such a secondary structure in the native
fold. An alpha helical residue incurs this bonus if the exact shape of the helix is
formed (i.e. residue i up to i+4 take the same relative orientation at each step),
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while a bonus for beta sheet formation is applied if non-neighboring beta-sheet
residues are adjacent to each other. The tag energy term Etag incurs an arbitrarily
high energy penalty of 100 for each residue impeding the shortest route from a
tagged residue to the periphery of the structure. Lastly, the regularization term
Ereg incurs a penalty for large structural reorganizations occurring in a single
MCMC step, as we found that this helps to retain the native fold as much as
possible.

6.6.10 Fingerprint extraction
To account for the fact that a structure may adopt several conformations over the
course of measurements, fingerprints are based on a series of structure snapshots.
After the folding simulation has finished and the structure which accommodates
all DNA-tags without steric hindrance is found, another 1,000 MCMC steps are
performed. During these steps, snapshots are taken at intervals of 10 steps, thus
measuring 100 slightly different conformations. For each snapshot, dye positions
are chosen randomly from all accessible lattice directions. If tags are found to be
closer than 20Å to each other, a minimum angle and dihedral angle of 70 degrees
each between those tags is enforced (Figure S7). Distances between donor and
acceptor dye positions are estimated from the snapshots and averaged, after which
the FRET efficiency is calculated as follows:
EF RET =

1
1 + (R/R0 )6

Here R is the modeled distance between donor and acceptor dye and R0 is the
Förster radius, which characterizes the used FRET dye pair (R0 assumed constant
at 54Å for the Cy3-Cy5 FRET pair [31]). Finally, all FRET values are binned
and normalized over the number of snapshots to produce the final fingerprint.
The bin width is used here to represent the observation resolution. Resolution
is fixed at 0.01 unless otherwise noted, as previous work has shown that such
a resolution can be achieved using FRET X[162]. If multiple residue types are
tagged, each residue type generates its own fingerprint which is binned separately.

6.6.11 Classification
To classify simulated fingerprints a support vector machine (SVM) was implemented using the scikit-learn package (v0.23.2)[189]. In a ten-fold cross validation
procedure, the SVM was fitted to a training set consisting of 90% of produced
fingerprints and tested on a held-out test set. As a higher resolution is also
more sensitive to noise by unstable fingerprints, the resolution is tuned during
training in steps of 0.01 E to produce the highest training accuracy. To evaluate
classifier performance, we calculated test accuracy, i.e. the number of correct
classifications over total number of test examples. As this measure obscures
whether classification mistakes are consistently made for certain proteins or are
randomly distributed, we also determined which proteins were correctly classified
in more than half of replicates, which we denote as well-identifiable proteins.
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Abstract
The identification of proteins at the single-molecule level would open exciting
new venues in biological research and disease diagnostics. Previously we proposed a nanopore-based method for protein identification called chop-n-drop
fingerprinting, in which the fragmentation pattern induced and measured by a
proteasome-nanopore construct is used to identify single proteins. In the simulation study presented here, we show that 97.1% of human proteome constituents
are uniquely identified under close to ideal measuring circumstances, using a
simple alignment-based classification method. We show that our method is robust against experimental error, as 69.4% can still be identified if the resolution
is twice as low as currently attainable and 10% of proteasome restriction sites
and protein fragments are randomly ignored. Based on these results and our
experimental proof-of-concept, we argue that chop-n-drop fingerprinting has the
potential to make cost-effective single-molecule protein identification feasible in
the near future.
Availability: All generated data, ion current measurement data and analysis code
was deposited at https://github.com/cvdelannoy/chop_n_drop_simulation,
and on Zenodo at https://zenodo.org/record/5116022.

7.1 Introduction
Over the past decades, mass spectrometry (MS) has allowed for ground-breaking
discoveries in proteomics, enabling such impressive feats as the definition of a
human protein atlas [191] and large-scale screening for protein disease biomarkers
[192]. However, not all protein-related research questions may be addressed by MS.
Examples are found in the nascent field of single-cell proteomics which, following
the example of single-cell transcriptomics, is expected to give unprecedented
insight into cell functioning and pathology [193]. While MS has already made
strides in this field by enabling the detection of proteins present at thousands
of copies per cell [45], some important and clinically relevant proteins such as
signaling molecules and transcription factors are expected to be present in the
range of dozens of copies [194]. The development of novel single-molecule protein
identification methods is therefore necessary to unlock the true potential of
single-cell proteomics.
In the search for single-molecule alternatives to MS, two main venues are
currently being explored. On the one hand, conceptual methods utilizing the
read-out of fluorescent dyes attached to a subset of residue types have shown
promising results [49; 12; 13]. However, methods using fluorescence-based readout
strategies require efficient and specific labeling of residues. Optimizing labeling
strategies is non-trivial [e.g. 180; 195] and less-than-perfect labeling may decrease
accuracy, thus a label-free method would be preferred.
On the other hand, unlabeled proteins may be analysed using a nanopore, over
which an electrical potential is applied; as a protein is passing through the pore,
changes in electrical resistance may give information on the protein’s properties
[196]. Proteins may be analysed in their folded states [197–201], which is relatively
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straightforward but does not provide sufficient information to discriminate between
similarly shaped and charged proteins. Furthermore, no single pore aperture size
is suitable for proteome-wide analysis due to the wide variety of protein sizes
found in nature [202]. Alternatively, proteins may be unfolded and threaded
single-file through the pore using a molecular motor [158; 51]. This approach
allows for finer interrogation of the residue sequence and may analyse proteins of
any size using a single pore aperture size.
In prior work, we showed that engineered complexes of heptameric nanopores
and proteasomes can be readily assembled without loss of proteasome activity
or electrical conductance of the pore [203]. Furthermore, we have shown that
residual current through FraC pores correlates well with the molecular weight
of passing protein fragments in the 500 to 1600Da range [204]. Presumably,
this is because weight is correlated to properties that directly influence residual
current, such as fragment size, shape and charge [205; 206; 200; 207–209]. We thus
proposed that proteasome-nanopore constructs can be used to identify proteins,
in a conceptual method dubbed chop-n-drop fingerprinting [203]. An unknown
protein can be processed terminal-to-terminal by the construct, cleaving it at
proteasome target sites, after which the molecular weight of sequentially released
fragments can be estimated based on the residual electrical current as they pass
through the nanopore. The sequence of measured fragment weights can then
serve as a characteristic signature – a fingerprint – of the protein. Once proven,
this fingerprinting method can easily be implemented in a highly parallel fashion
by adapting existing hardware that was developed for nucleic acid sequencing.
Compared to both MS and existing fluorescence-based measurement equipment,
this hardware is inexpensive and has a small benchtop footprint, thus opening up
opportunities for field diagnosis and in-house analysis for even small laboratories.
It is as of yet however unclear whether chop-n-drop fingerprints are sufficiently
characteristic to identify a single protein in highly complex mixtures.
Here we present a computational analysis of the chop-n-drop method, in which
we show that simulated fingerprints of all proteins in the UniProt human proteome
can be accurately classified using a simple alignment-based method. Considering
these and previously published experimental results, we argue that chop-n-drop
fingerprinting is a promising concept for cost-effective single-molecule protein
identification.

7.2 Results
7.2.1 Simulation and classification method
To estimate the performance of the chop-n-drop fingerprinting method on a highly
complex protein identification task, we developed a simulation pipeline mimicking
the experimental procedure, including several sources of biological and technical
noise that we expect to encounter (Figure 7.1).
In essence, the chop-n-drop fingerprint of a protein only consists of a sequence
of weights, which are deduced from pore current blockades caused by sequentially
cleaved-off fragments passing through the nanopore. The simulation of this process
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Figure 7.1: Schematic overview of the chop-n-drop fingerprinting method.
A protein is unfolded by an unfoldase and fragmented by a proteasome directly
introduced above a nanopore. The protease is engineered to lyse proteins at
particular residues. (B) As the fragments pass the pore, a change in electrical
current through the pore is measured. (C) The molecular weights of the fragments
are estimated from the magnitudes of the current changes. (D) Finally the
produced sequence of fragment weights is aligned to database fingerprints of
known proteins, to identify the protein.

follows a straight-forward two-step process. First, akin to the proteasome cleaving
a protein into fragments, we divide a given protein sequence into sub-sequences by
splitting it at the proteasome’s target sites. We assume here that we can force it
to exhibit only trypsin-like behavior, by mutating proteasome subunits exhibiting
chymotrypsin- and caspase-like activities, while leaving its subunits exhibiting
trypsin-like activity intact [210; 211]. To account for the fact that the proteasome
will likely fail to cleave at a fraction of target sites, we only cleave each target site
with a certain probability, which we refer to as the proteasome efficiency (ep ).
Subsequently we mimic the passing of fragments through a heptameric FraC
pore, the readout of the current blockade and the estimation of the fragment
weight, by simply translating the sub-sequences into corresponding fragment
weights. Although weights can be calculated from sequences with high accuracy,
experimental measurements may be less accurate and marked by a given resolution
(r), the smallest detectable weight difference. In experimental setups, this parameter is dependent on pore and measuring equipment properties. The smallest
weight difference we have detected with FraC so far is 4Da (Supplementary figure
7.S1), thus in simulations we consider r-values above 4Da attainable. To account
for resolution in simulation, Gaussian noise is added to fragment weights, where
the standard deviation of the noise is related to r (see Methods). Fragments
weighing less than 500Da are removed, as they typically escape detection of
heptameric FraC nanopores [204]. Furthermore, as it has not been shown that the
relation between weights above 1.6kDa and current blockades remains monotonic
[204], all fragment weights larger than this value are reduced to 1.6kDa. Lastly,
although we expect the seal between proteasome and pore to be extremely tight
based on molecular dynamics simulations [203], fragments may fail to enter the
pore after cleavage. We account for this by only retaining each fragment with
a certain probability, which we refer to as the capture rate (C). Although C is
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Figure 7.2: Simulated fingerprint identification accuracy assuming lownoise conditions. Cumulative histogram of correct and incorrect classifications
of simulated chop-n-drop protein fingerprints for all human proteome constituents,
assuming low noise parameters; resolution r = 5Da, capture rate C = 0.99 and
proteasome cleaving efficiency ep = 0.99. Numbers are shown distributed over
sequence length (bars), and relative to the total number of proteins (pie chart).
Alignment examples and sequence identity distribution for erroneous alignments
are shown in Supplementary figures 7.S3 and 7.S4 respectively. Results assuming
charge-dependent fragment capture are shown in Supplementary figure 7.S5A.

likely dependent on the size and charge of individual fragments, the relationship
between these factors is unclear, thus we assume C to be constant. The resulting
sequence of fragment weights returned by this process constitutes the fingerprint
for a protein.
We used fingerprints generated using our pipeline to develop a classification
method, which assigns a protein identity to a given fingerprint. We follow an
alignment-based approach, where a query fingerprint is aligned to a database of
previously generated fingerprints, using a custom dynamic programming implementation (Supplementary figure 7.S2). The database fingerprint that is most
similar to the query fingerprint is assumed to have come from the same protein.

7.2.2 Simulations under low-noise conditions
We ran our simulation pipeline and classification method on all sequences in the
UniProt human proteome (n = 20, 395). Under close to ideal simulated noise
parameters (ep = 0.99, r = 5.0Da, C = 0.99) we find that our alignment based
approach retrieves the correct identity for 97.1% of fingerprints (Figure 7.2).
Inspection of made alignments shows that our algorithm correctly handles missing
and fused fragments (Supplementary figure 7.S3A). 77% of misclassifications occurs
for shorter proteins, under 250 residues in length. Of misclassified fingerprints,
42% shows more than 80% amino acid sequence identity to the protein as which
it was wrongly identified, indicating that the resolution of 5Da assumed here is
insufficient to consistently separate such similar entities (Supplementary figure
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7.S4). Upon inspection of these cases, we find that many misclassifications were
in fact mix-ups between paralogous sequences. The remaining misclassifications
are caused by chance alignments with different fingerprints (Supplementary figure
7.S3B). This is expected to occur more often if a protein is shorter, as it will
generally produce a fingerprint of fewer elements, which is less likely to yield a
unique pattern.

7.2.3 Simulations under high-noise conditions
We subsequently probed how resistant chop-n-drop fingerprinting is to higher
levels of experimental noise, by varying one noise parameter at a time while
keeping all others near their low-noise values (ep = 0.99, r = 5.0Da, C = 0.99).
To keep computations tractable these simulations were run on a random subset
of 200 query sequences, while the reference database still contained all UniProt
sequences so that the classification task was no less challenging. In each case we
find that accuracy deteriorates gracefully with parameter value (Figure 7.3A).
Interestingly, we still attain an accuracy of 90.9% at a resolution of 50Da, which
is worse than the 44Da resolution we reported previously [204] and more than
tenfold worse than the current-best resolution of 4Da, as reported in this work
(Supplementary figure 7.S1). Similarly, we find that a lower proteasome efficiency
or capture rate of 90% still results in 90.7% and 87.1% accuracy on average
respectively. We then repeated the simulation on the entire dataset with all noise
parameters at high-noise values (ep = 0.90, r = 10.0Da, C = 0.90). Even under
these circumstances, we find that 69.4% of proteins are correctly classified (Figure
7.3B). Here too, it should be noted that most incorrectly classified proteins were
of lower sequence length.
Finally, we investigated the effect of fragment charge on accuracy. In FraC
pores, Electro-osmotic flow (EOF) is sufficiently strong to overcome an opposing
electrophoretic force (EF) to some degree, so that even negatively charged fragments are pulled through the pore towards an anode at the trans side. However
fragments carrying larger negative charges increase the EF so that the EOF can
no longer cancel it out, and thus such fragments cannot enter the pore. We
investigated the effect of the omission of fragments that are too negatively charged
(< −1e) at FraC’s operating pH-levels (pH=4.0) [204] and found that the effect
on accuracy is negligible in both low-noise and high-noise scenarios (97.1% and
69.3% respectively, Supplementary figure 7.S5).

7.3 Discussion
Single-molecule (SM) protein fingerprinting holds great promise to revolutionize
biological research and diagnostics [155]. We have previously proposed that this
may be accomplished using a proteasome-nanopore construct, which cleaves a
target protein into fragments and subsequently reads out the fragment weights
[203]. Here we present simulation results indicating that the produced sequence
of fragment weights contains sufficient information to identify a protein.
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Figure 7.3: Simulated fingerprint identification accuracy under noisy
conditions. (A) Fingerprint classification accuracy over a range of noise parameter values; resolution (left), capture rate (mid) and proteasome efficiency
(right). For each case the unvaried noise parameters are set to low-noise values
(capture rate C = 0.99, resolution r = 5.0Da and proteasome efficiency ep = 0.99).
Five replicates were generated for each parameter combination. (B) Cumulative
histogram of correct and incorrect classifications of simulated chop-n-drop protein
fingerprints for all human proteome constituents, assuming more realistic noise
parameters; r = 10Da, C = 0.90 and ep = 0.90. Numbers are shown distributed
over sequence length (bars), and relative to the total number of proteins (pie chart).
Results assuming charge-dependent fragment capture are shown in Supplementary
figure 7.S5B.
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The hypothetical construct investigated in our simulations consists of a heptameric dihelical FraC-pore, which we show to be well-suited to detect differences
between fragment weights at high resolution, and a proteasome exhibiting trypsinlike cleaving activity. In prior work, we have shown that constructs of artificial
heptameric beta-barrel PA-pores and proteasomes can be built without loss of
function of either component. Given the structural similarity, we are confident
that our hypothetical construct can be built in a similar way, by replacing PA-pore
monomers with FraC monomers and by making use of engineered proteasomes
[210; 211].
In the presented simulations, we included sources of noise that may hamper
fingerprint measurements in practice. We assumed that the proteasome may not
cleave each target site, that weight measurements may be inaccurate up to a
given weight resolution and that not all cleaved-off fragments may be caught in
the nanopore. Assuming higher noise parameter settings – a fragment capture
rate and proteome efficiency of 90%, with a measurement resolution of 10Da – for
each of these noise sources, we find that overall accuracy remains sufficiently high
at 69.4%. As accuracy increases with protein length, we find that chop-n-drop
fingerprinting should be particularly suitable to identify larger proteins.
Over the past years, the obstacles on the road toward SM protein fingerprinting
have been attacked vigorously from multiple angles, with several groups showing
promising initial results and proofs-of-concept. While each proposed method has
shown particular strengths, we argue that chop-n-drop combines several properties
not found together in other methods. First, unlike fluorescence-based methods
[12; 49; 13] it does not require the implementation of any labeling chemistries as
properties of the target protein are read out directly, thus evading issues with
erroneous labeling and simplifying sample preparation. As a trade-off, fluorescencebased methods are more sensitive to differences between proteoforms as long as
the difference involves the position or presence of a targeted residue type. As we
show here that even at high resolution our method misclassifies proteins with high
sequence similarity to other entries, it is likely that differences between highly
similar proteoforms may also remain unnoticed.
Different methods based on the readout of folded proteins by electrical current
blockage of a nanopore have been proposed as well [198; 212; 199]. These were
unable to analyse a wide range of protein sizes however; as the pore lumen needs
to be of an appropriate volume for the analysis of a given protein size, a single
nanopore is not able to detect minute differences in both small and large proteins.
Here this problem is mitigated by the fragmentation step.
Most importantly however, the hardware required to implement chop-n-drop
fingerprinting in a highly parallelized setting can be readily borrowed from commercial platforms for DNA sequencing using nanopores, which are inexpensive
and have already been miniaturized to a handheld format. As such we envision
that our method could soon fill a niche that no other method currently can; that
of small-scale, in-house single-molecule protein identification.
In conclusion, we provide evidence that chop-n-drop fingerprints can provide
sufficient information to identify proteins in complex samples, and present a
suitable alignment-based classification method. Upon optimization of the finger-
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printing procedure, we envision that our method may see practical implementation
in the near future.

7.4 Limitations of study
Our simulation builds on the assumption that fragment weight is correlated to the
residual current measured while the fragment passes the nanopore. Indeed, we
have previously shown that this is the case for fragments weighing between 500
and 1600Da [204]. However it should be noted that rather than the fragment’s
weight, its volume, shape, charge, hydrophobicity and interactions with the pore
interior directly influence residual current [205; 206; 200; 207–209]. As these
properties are more difficult to model, and considering how they apparently
correlate to weight sufficiently well to in turn correlate weight and residual current
[204], we consider using weight in simulated fingerprints justifiable. Once the
experimental methodology has been further developed and protein fingerprints can
be measured more routinely, we can define the relation between these properties
and the residual current in more detail to predict fingerprints in a more robust
manner.
The existence of different proteoforms, which was not accounted for in this
simulation, presents both an opportunity and a challenge to chop-n-drop fingerprinting. Through alternative splicing and post-translational modification (PTM),
multiple proteoforms with different functions may be generated from the same
gene [154]. Depending on the spliceoform or the PTM types present, different
proteoforms may generate distinct fingerprints. This allows their individual identification at SM resolution, which is an important potential application of SM
analysis, but also adds tens of thousands of potential fingerprint patterns, which
further complicates the task of fingerprint classification. A solution may be to
fractionate samples prior to chop-n-drop analysis, after which each fraction may
be analysed using a dedicated classifier which only considers the proteoforms that
could be present in a given fraction.
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7.4.1 Methods
Fragaceatoxin C purification
Plasmid DNA containing the sequence for His6-tagged Fragaceatoxin C (FraC)
with a phenylalanine modification on position G13 was transformed into electrocompetent E. cloni ®EXPRESS BL21 (DE3) strain cells (Lucigen) for protein
expression. Transformed cells were plated on Lysogeny broth (LB) plates containing 100 µg/mL ampicillin and incubated overnight at 37 °C. A single colony
was cultured in LB medium containing 100 µg/mL ampicillin and finally protein expression was induced using 0.5 mM isopropyl-β-D-thiogalactopyranoside
(IPTG). Bacteria were harvested, treated with 0.2 units/mL DNase I and 20 µg/µL
lysozyme, and sonicated, after which the mixture was incubated with Ni-NTA
beads. FraC monomers were washed from the beads using elution buffer containing
0.300 M imidazole. Sphingomyelin (porcine, brain):1,2-Diphytanoyl-sn-glycero3-phosphocholine (DPhPC) liposomes for FraC oligomerization were created by
solubilizing equal weight parts sphingomyelin and DPhPC in a pentane-ethanol
mixture and evaoporating the solvent to create a lipid film. The film was then
solubilized in 0.015 M Tris-HCL dilution buffer (pH 7.5, 0.150 M NaCl), briefly sonicated, frozen at −20 °C and thawed. Liposomes and FraC monomers were mixed
at a mass ratio of 10:1 solubilized in 0.6% (w/v) N,N-Dimethyldodecylamine-Noxide (LDAO) and diluted in 0.02% (w/v) Dodecyl-β-D-maltoside (DDM). Finally
oligomerized FraC was bound to Ni-NTA beads and eluted in oligo elution buffer
(0.200 M Na2 EDTA, pH 8.0, 0.02% (w/v) DDM). This protocol was previously
described in [213]
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His6-tagged Fragaceatoxin C sequence
MASADVAGAVIDFAGLGFDVLKTVLEALGNVKRKIAVGIDNESGKTWTA
MNTYFRSGTSDIVLPHKVAHGKALLYNGQKNRGPVATGVVGVIAYSMS
DGNTLAVLFSVPYDYNWYSNWWNVRVYKGQKRADQRMYEELYYHRS
PFRGDNGWHSRGLGYGLKSRGFMNSSGHAILEIHVTKAGSAHHHHHH
Electrophysiological recordings
For planar lipid bilayer electrophysiology measurements, a constant voltage of
-70 mV was applied over a single nanopore, and a buffer solution containing 1M
KCl buffered to pH 3.8 using 50mM Citric acid titrated with bis-tris-propane was
used. [Met5]-Enkephalin and [d-Ala2][d-Leu5]-Enkephalin (Sigma Aldrich) were
added in 10 µM concentration. Ionic currents were recorded using an Axopatch
200B amplifier coupled with a Digidata 1440a or Digidata 1550B A/D converter
(Molecular Devices). All data was recorded using Clampex 10 (Molecular Devices)
with a sampling frequency of 50 kHz and an analogue Bessel filter of 10 kHz.
Measurement procedures were first described in [50].
Electrophysiological recording analysis
Data was analysed using Python 3.7 and is contained within a Jupyter notebook,
available in the Github repository noted in the key resources table. Events from
translocating peptides were characterised using a threshold search algorithm
combined with a generalised flat-top normal distribution fit [50]. The resolution
between the two peptides was determined using the difference between the peak
centres and their standard deviation [50].
In silico fingerprint generation
Code for in silico fingerprint generation and classification was wrtten in Python
3.8 (Python Software Foundation, www.python.org). We generate in silico chopn-drop fingerprints by splitting protein sequences at protease target sites and
calculating the weights of the resulting fragments from their sequences. We
assume that fragments of a weight lower than 500Da are undetectable, thus these
fragments are removed from fingerprints. Fragments of a weight larger than
1.6kDa are set to 1.6kDa, as prior investigations showed that the relationship
between weight and current blockage is not monotonic above this weight [204]. In
simulations where fragments were selected based on charge, the fragment charge
was calculated using biopython (v1.78), which employs a concentration ratio-based
calculation [214].
Three parameters are set to represent different noise sources; capture rate C,
proteasome efficiency ep and resolution r. The capture rate denotes the fraction
of fragments that enters the pore after lysis and is measured. In our simulations
each fragment is retained with a probability of C. The proteasome efficiency
denotes the fraction of target sites at which the proteasome cleaves. In simulations,
each target site has a probability of ep of being cleaved. Note that a failure to
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cleave will result in two fragments being fused together, after which they remain
represented in the fingerprint as the sum of their weights. Finally, the resolution
denotes the minimum difference in fragment weight that can still be detected
by current blockage, expressed in Da. We adhere to an experimentally found
minimum resolution of 4Da (Supplementary figure 7.S1). In our simulations, the
resolution is represented by the magnitude of Gaussian noise added to fingerprint
weights. Specifically, we define the standard deviation of the distribution from
which a noise value n is drawn such, that the probability of a fragment size
measurement deviating r or less from its actual size is fifty percent:
P (n ≤ r) = 0.5

(7.1)

The standard deviation enforcing this resolution r, σr , can be found using the
Z-score formula, in which the Z-score is calculated using the inverse cumulative
distribution function of the standard normal distribution, Φ−1 :
−r
(7.2)
Φ−1 (0.5/2)
As resolution is expressed as a positive number and equation 7.2 considers the
lower tail of a distribution centered at 0, the resolution is multiplied by −1.
σr =

Simulation and classification
We ran in silico digestions on all sequences in the UniProt human proteome
(UP000005640). To compile a database of fingerprints with known identity, we
first performed an in silico digestion under noiseless circumstances (i.e. C = 1.0,
ep = 1.0 and r = 0.0Da). Then we ran several subsequent digestions for a range
of values for C, ep and r. Fingerprints from these runs were classified by aligning
them to database fingerprints obtained from noiseless digestions.
We gauge the similarity of query and database fingerprints by aligning them
using a dynamic programming algorithm (Supplementary figure 7.S2). The
dynamic programming table is filled as follows:

|Xi − Yj | + S(i − 1, j − 1)



|X + X
i ≤ |X|, j ≤ |Y |
i
i−1 − Yj | + S(i − 2, j − 1)
S(i, j) = min

|Xi − Yj | + S(i − 2, j − 1) + G



|Xi − Yj | + S(i − 1, j − 2) + G

(7.3)

with the following conditions for edge cases to ensure that the alignment is
global:
S(0, 0) = 0
S(i, 0) = ∞

∀ 1 ≤ i ≤ NX

S(0, j) = ∞

∀ 1 ≤ j ≤ NY

(7.4)

Here S(i, j) is the distance between query and database fingerprints X and Y
respectively, up to fragments Xi and Yj and G is a gap penalty. NX and NY are
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the numbers of fragments in X and Y respectively. At each step in the alignment
one of three actions may be taken. First, a single fragment of each fingerprint
may be aligned, in which case the absolute difference of their weights is added to
the total score. Second, two fragments of X may be aligned to one fragment of Y ,
corresponding to a missed proteasome target site. This action increases the score
by the difference between the summed weight of the former and the single weight
of the latter. Third, a gap may be introduced in either X or Y at the cost of a
penalty. The gap penalty G is dependent on the resolution used during digestion:
G = (1.96 · σr )2 + L

(7.5)

Here σr is the resolution-dependent standard deviation of Gaussian noise
added to fragment sizes during in silico digestion (equation 7.2) and L is the lower
detection limit (L = 500 Da). This means that introducing a gap is preferred
over matching fragments if the difference between fragment weights exceeds the
difference expected in 95 percent of correct matches. The addition of L is required
to ensure that a match is still preferred if a normally undetected fragment (i.e.
of which the weight is under L) is fused to another fragment due to a missed
proteasome target site.
A query fingerprint is classified by aligning it to all fingerprints in the database
and assigning it the identity of the database fingerprint to which the distance is
smallest.
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Methods for single-molecule fingerprinting and sequencing of biopolymers
(BPs) have been in the making for more than thirty years [58; 215]. With the
first implementations achieving commercial success, the future of the field and its
impact on scientific research is starting to take shape. As noted in the introduction,
analysis of nucleic acid (NA) BPs typically bears fruit more readily than that of
proteins, and SM sequencing/fingerprinting has proven to be no different in that
respect. Both electrical (nanopore-based) and fluorescence-based sensing methods
have already entered and revolutionized mainstream NA sequencing. In contrast,
SM protein fingerprinting is still in its infancy, with practical applications only
beginning to appear on the horizon. Although the main causes of this chasm
are fundamental differences between the two BP types – the more complex
nature of proteins and the lack of readily available mechanisms for threading and
amplification in nature – specific lessons from SM NA analysis can still be used
to streamline the development of SM protein analysis.
Computational biology and bioinformatics are in an excellent position to distill
these lessons and provide guidelines for the further development of SM analysis;
through simulations it may steer experimental design, and by developing analysis
tools it makes SM data analysis tractable and accessible. This thesis concerned
both tasks. I started with an exploration of the current state of SM NA analysis
and introduced several new data analysis methods in that field. This was followed
by two simulation studies, exploring the potential of concepts of new methods for
SM protein analysis. In the remainder of this discussion, I gauge the gap between
SM analysis of NAs and proteins. I will first discuss to what extent current
methods for NA and protein analysis are comparable, and how differences between
the two BPs influence their analysis at the SM level, with a particular focus on
in silico method simulation and data analysis. Building on these insights, I lay
out a path for the future of SM protein analysis and describe how computational
biology and bioinformatics efforts could support development.

8.1 Lessons from nucleic acids for protein analysis
8.1.1 Complementarity of readout methods
The current-day landscape of SM NA sequencing is divided between electrical and
optical readouts, represented by nanopore sequencing devices, mainly produced by
Oxford Nanopore Technologies (ONT), and the single-molecule real-time (SMRT)
sequencing devices employing fluorescence readout, produced by Pacific Biosciences
(PacBio). Although ONT and PacBio appear to be staunch competitors, each
company currently has a particular niche in which it outcompetes the other:
nanopore sequencers are less expensive and much easier to miniaturize, while
SMRT devices produce reads with fewer systematic errors. This division between
cost and accuracy is inherent to differences in the readout methods. The onedimensional electrical readout of a nanopore device is easier to acquire but
only provides an indication of size, shape and charge of its target, as well as its
interactions with the nanopore interior [205; 206; 200; 207; 209], with no guarantee
that biologically relevant differences are represented. Optical readouts can be made

Discussion

105

highly purpose-specific by targeting a key property with a fluorescently labeled
probe, however acquiring the signal requires more costly measuring equipment, as
well as the development and production of highly specific probes.
It makes sense that similar niches will start to take shape in SM protein
analysis as well. I presented two methods in this thesis that illustrate this.
The FRET X fingerprinting method presented in chapter 6 employs probes that
orthogonally target cysteine, lysine and arginine residues, which was theoretically
sufficient to correctly classify most tested proteins in complex mixtures, even
assuming suboptimal labeling efficiencies and reduced FRET resolution. The
Chop-n-Drop nanopore-based method presented in chapter 7 also performed well
under low-noise circumstances, but classification accuracy rapidly decreased under
suboptimal conditions. In terms of implementation cost however, Chop-n-Drop
would easily outcompete FRET X fingerprinting; while the latter requires a
sensitive system of specialized optics and chemical labeling procedures, Chopn-Drop’s implementation may be as simple as introducing a different nanopore
construct in existing NA nanopore sequencing devices.
The readout method is an important factor in deciding how to tackle the
challenges encountered when moving from SM NA to SM protein analysis. In the
following sections, I discuss each of these challenges and some possible solutions
for both optical and electrical readout methods.

8.1.2 Primary structure differences
A first obstacle in translating NA analysis methods to proteins is caused by the
more complicated primary structure of proteins – the sequence of monomers.
As may be expected, the increase in the number of monomer types – from
four nucleotides to twenty amino acids – has major consequences for analysis
complexity.
Chapter 2 helps us to put these consequences into context for sequential electrical readouts. There, I described the development of basecallers, the computational
tools that convert a squiggle into an NA sequence. This task is made more difficult
by the fact that more than one nucleotide at a time influences the pore current,
thus 4k k-mers should be distinguished, where k is the number of monomers
occupying the pore constriction. For the CsgG pore used in ONT devices, it was
found that k = 5 explained the obtained current signal best, thus 1024 current
levels should be modeled. This problem could be adequately solved using hidden
Markov models (HMMs), which assigned Gaussian distributions to each k-mer
and made use of the fact that subsequent k-mers should overlap to produce a
final consensus sequence [23]. Even better performance was reached later using
neural networks which, among other advantages, could account for the fact that
k is actually variable [24; 25].
For proteins read out in a similar fashion, Ouldali et al. have shown that
individually, most residue types generate different current blockades when in
sequence with seven arginine residues [201]. However, in a naturally occurring
sequence 20k residue combinations may occur, which quickly increases with k. The
MspA pore used in [51] analyzes 8-mers, which would yield 2.56·1010 combinations.
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This complexity may be impossible to capture in the limited bandwidth of a
1-dimensional squiggle, which would mean that no algorithm would be able to
naively translate squiggles into protein sequences. Fingerprinting may still be
possible however. Brinkerhoff et al. have shown that a single-residue difference in
peptides was detectable using their DNA-tethered readout [51], thus it is certainly
possible that a squiggle can contain sufficient information to detect some salient
short sequences. If individual NNs could be trained for several subsequences, an
array of NNs may be used to detect longer sequences as demonstrated for NAs in
chapter 5.
If true de novo sequencing of proteins is to be achieved however, approaches
employing orthogonal readouts of multiple properties have a higher chance of
success. Indeed, several such methods are in development. For instance, Reed et
al. describe a system in which color, pulse duration and cleaving time all inform
on the identity of N-terminal residues, so that reading all three out gives a unique
combination for each residue [14].

8.1.3 Higher-order structure differences
Although both NAs and proteins assume three-dimensional conformations, those
of proteins are generally much more stable and diverse. For SM analysis methods,
this can be either a challenge or an opportunity.
Methods that prescribe sequential processing of a protein have access to each
individual residue, but a protein’s stable structure may be difficult to remove, in
which case it physically impedes sequential access. This is particularly problematic
if a molecular motor is involved; processing may be stalled, or the protein may be
threaded as hairpins [216]. To mitigate this issue, harsh chemical treatments may
be used to sufficiently denature the protein for readout. Others have proposed
pre-digestion of proteins to smaller fragments, which are less likely to assume rigid
structures [16; 14]. However, like other BP analysis methods requiring digestion
[217], this comes at the cost of information loss, as it introduces uncertainty on
which fragments originated from the same protein.
Instead of removing structure, methods may also use the information present
in the structure to identify a protein and accept that some internal residues
will remain inaccessible for analysis. To my knowledge no successful higherorder structural fingerprinting methods for NAs exist to serve as inspiration, but
then this strategy is more fitting for proteins as their structure is more dictated
by sequence than is the case for NAs. FRET X fingerprinting is one method
that leverages structure, while similar approaches with optical readouts can be
imagined using recognizers for specific structural elements, such as aptamers
or antibodies. Folded protein identification using an electrical readout is also
being explored, although given the limited information gained from the signal
and the wide variety of structures found in proteins, it is unclear how successful
this strategy can be in a whole-proteome approach. The broad range of sizes
of known proteins implies that no single pore will have the correct dimensions
to effectively interrogate all proteins. To remedy this, an array of different pore
sizes or a pore that allows fine control of the aperture size may be employed
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[218]. Furthermore, extensive observation times would be required to extract
as much information as possible from the protein. To this end, the indefinite
protein trapping capability demonstrated by the NEOtrap – a nanopore partially
obstructed by a DNA origami ball – may be leveraged [20].
From a computational analysis perspective, the fingerprinting of protein structural features has become more feasible in recent years. Importantly, rapid
advances in protein structure prediction [219; 186] and molecular dynamics simulation [220] are making feasibility studies and signal prediction increasingly
tractable. While these advances are partially made possible due to more elaborate
models and continuously improving computational resources, some are built on the
realization that predictions do not always require much complexity. For instance,
the highly abstracted representations of whole proteins and nanopores in Wilson
et al.’s steric exclusion model produced similar in silico electrical readouts as fully
atomistic models, at a fraction of the computational cost [208]. Similarly, the
coarse structural models used to evaluate the FRET X fingerprinting method
in chapter 6 allowed for computationally inexpensive but realistic simulation of
optical readouts, as verified by in vitro experiments.

8.1.4 Dynamic range
Thus far several methods have been proposed that, in theory, can discriminate
between a large number of proteins. The issue of dynamic range is often not as
thoroughly addressed, however; considering that the concentration between the
most and least ubiquitous proteins differs by a factor of 109 , how many proteins
would we need to analyze to encounter all protein species, including the rarest?
How long would it take to analyze all proteins in one cell? It is usually implied
that, once discriminative power has been achieved, upscaling and streamlining
the method until it can work at the required scale is an engineering issue, rather
than a scientific one. Not all methods will prove to be equally easy to upscale
however, so it would be beneficial at this stage to consider how these questions
may eventually be answered.
Future nanopore-based protein analysis devices may follow the same path of
development as current-day NA nanopore sequencers. Over the past five years
ONT has rolled out several devices that engage different numbers of individually
addressable nanopores at once – from 512 up to 128,400 – catering to different
experiment sizes. To analyze the protein content of a single yeast cell, or about
∼42 million proteins [221], each pore would need to be engaged over 300 times. A
method that utilizes a proteasome to pace the analysis speed of each protein, such
as Chop-n-Drop, would need about 30 seconds per protein (assuming a median
protein size of 350 residues). Thus, this hypothetical protein analysis machine,
when constantly and fully engaged, would need over 2.5 hours to analyze the
protein content of a single yeast cell. In a bulk sample and assuming fully random
sampling, it would take slightly over eight hours (for 126 million proteins) to
encounter a protein present at one copy per cell at least once with 95% probability.
Of course some caveats apply: additional time should be added as pores will not
be continuously engaged, detection accuracy will not be perfect and, above all,
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it is unlikely that all proteins from a single cell could be captured for analysis.
Nonetheless, this back-of-the-envelope calculation stems hopeful that proposed
parallelization efforts will indeed yield a complete single-cell proteome within a
reasonable amount of time in the near future. To increase analysis speed even
further – or enable similar throughput on lighter hardware – inspiration may be
drawn from the “adaptive sequencing” method that was recently introduced for
NA nanopore sequencing [27; 26]; while a protein is processed through a nanopore,
the squiggle obtained thus far may be compared in real-time to a database of
frequently occurring large proteins. As soon as a match is found, the pore may
eject the protein, thus freeing it to analyze a different protein.
Compared to electrical readouts, parallelization of optical readouts is often
less involved; in TIRF microcscopy a single field of view may contain thousands
of simultanously observed molecules [222]. To further increase throughput, an
automated scanning stage may be used to move the FOV once sufficient information
has been captured at the current coordinates. Similar to the automated ejection
system used with nanopores, a feedback loop between analysis software and
the scanning stage control may be introduced to move the FOV once enough
events have been collected for identification of a set percentage of the proteins.
Implementation of zero-mode waveguides (ZMWs) would allow the observation of
vastly more proteins at once – a single PacBio cell currently offers eight million
simultaneously operating ZMWs for NA sequencing – albeit at increased hardware
cost. It is difficult to indicate how much time would be required to image a single
FOV, as estimates differ between implementations from about 20 seconds for
sequential processing methods [159] to several hours for stepwise degradation [52].
Although the latter approach is more likely to succeed at de novo sequencing, a
significant speed-up would be required to reach a suitable throughput to screen
for rare protein species.

8.2 Towards routine SM protein fingerprinting
8.2.1 The future of simulation studies
While the feasibility of a novel protein fingerprinting method will initially be
judged based on scientific intuition, computational biology can help to more
thoroughly evaluate feasibility in several scenarios and to identify targets for
further development. An example is a study by Yao et al. which only showed that,
theoretically, a noisy readout of a subset of residues is sufficient to discriminate
between the majority of sequences in the UniProt human proteome [49]. Notably,
the computational analysis did not include details on how the readout should be
implemented. Then, several studies appeared that provided detailed experimental implementations, often supported by proof-of-concept experimental results
[159; 12; 13]. Without exception, they were accompanied by their own computational simulations, detailing under which simulated conditions their method could
discriminate the constituents of the human proteome.
As an initial indication of feasibility, such simulations are indeed useful and convincing. Their role does not have to end there, however; upon further development
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of the practical methodology and acquisition of more preliminary data, it should
be common practice to adjust the used model to account for new insights and
re-evaluate which advances are required at minimum to reach a practically usable
method. Advances in structural bioinformatics may also warrant re-evaluation
of simulation studies. The most prominent example for this is the publication of
AlphaFold2, a protein structure prediction algorithm which outperformed competitors by a large margin in blind performance evaluations [186]. AlphaFold2
was subsequently used to construct the AlphaFold Protein Structure Database,
which contains predicted structures of 98.5 percent of known human protein
sequences [223]. Although not all predicted structures will faithfully represent the
actual structures, we can now effectively use a previously unimaginable amount
of structural data, to in silico evaluate SM protein analysis methods that rely on
structure. The FRET X simulation study described in chapter 6 for instance, was
limited to work only with high-quality structures of proteins crystallized as single
chains, of which several hundreds exist. Using the AlphaFold2 database and given
sufficient computational power, this study could be expanded to include several
thousands of proteins.
Furthermore, future simulation studies may explore the effects of alternative
splicing (AS) on a method’s ability to analyze a proteome. It is estimated that 93
percent of all human genes produce more than one spliceoform, which may be
highly divergent from the canonical form [224], thus it is important to take AS into
account when making claims on protein discernability. Again, for structure-based
methods advances in in silico structure prediction may enable a deeper dive into
this topic; although structures of multiple AS variants are not typically determined
using conventional structure determination methods due to cost or experimental
difficulty, it is comparatively easy to predict them.
Lastly, simulations also provide the opportunity to develop analysis software
before in vitro methods have been developed far enough to generate sufficient
data for this purpose [13; 16; 15; 14]. Doing so ensures that the development of
analysis software is an integral part of method development. Moreover, it provides
a valuable opportunity to test our understanding of the biophysical mechanism
underlying the method; if analysis software developed using model parameters or
output performs well on preliminary in vitro data, it indicates that we have an
adequate working knowledge of the underlying biophysical mechanism.

8.2.2 The future of data analysis software
While future developments in data analysis depend heavily on the type of readout
produced by in vitro methods, it is still possible to give generally applicable
directions. Regardless of the implementation, it is likely that different phases in
method development will require different data analysis solutions. In the concept
development phase, the amount of acquired data will be low, and the quality will
vary as in vitro methodology must still go through many iterations of improvement.
Accordingly, data analysis software should rely on simple data models; while large
neural networks containing many parameters may be able to fit patterns in the
data well, the requirement of many labeled data points and potentially long
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training times do not support the user in rapid development iterations and are
thus not suitable for such a task. In TIRF microscopy, where prototyping of
optical readout-based SM protein analysis takes place, most data analysis tools
are therefore still based on hidden Markov models (HMMs); these algorithms
may be fitted with little or no manual annotation and work adequately using few
parameters. User friendliness is another important, yet frequently overlooked,
aspect of analysis software for this phase; to keep turnaround times short, wet lab
researchers may prefer to analyze their own data without intervention of a data
analyst. To facilitate this, analysis tools may be outfitted with an intuitive user
interface and be served remotely through a web browser to move the responsibility
of software installation and maintenance from users to a single maintainer. It is
with this precise purpose that the FRETboard tool described in chapter 3 was
developed.
Once in vitro method design has stabilized, more data of a more stable quality
will be generated. Rapid retraining of data models is no longer key, thus more
opportunities arise to optimize data analysis methodology. Here an SM analysis
method may find its first practical applications, such as the detection of a few
biomarkers, thus analysis software would need to solve a classification problem for
a few classes. Conventional machine learning or deep learning implementations
are likely able to tackle this issue with relative ease. Labeled training data may be
obtained by analyzing pure samples of each target protein, which is still tractable
at this stage.
In the final stage of development full proteomes, including spliceoforms and
post-translational modifications, may be analyzed. From the data analysis perspective, this would be a vastly more complicated undertaking; the number of output
classes may now reach tens of thousands to millions [154]. While potentially a
tractable problem for deep neural networks [225], such classifiers require very
large amounts of annotated training data. Of course, analyzing pure samples for
all possible proteins to this end is intractable.
For some methods, training on in silico generated data may be possible. More
realistically, the first steps in SM full-proteome data analysis will lie in formulating
suitable embeddings, i.e. translations of readouts to numerical representations
that allow meaningful clustering of proteins. Such embeddings may take the shape
of a machine learning implementation or may be grounded in physical theory.
Indeed, protein fingerprint embeddings have been developed previously for MS
spectra [47], which in turn drew inspiration from word embeddings in natural
language processing [226]. If a fingerprint contains some structural data, such as
relative positions of a subset of residues, 3D-invariant moments may provide a
basis for a suitable embedding [227]. Combined with a database of known proteins
and a suitable clustering method, this approach would allow protein identification
for a growing number of classes, with the flexibility to focus on specific cell types
or protein families.
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8.2.3 The co-existence of SM and mass spectrometry

Although large strides have been made in the development of SM protein analysis
methods, it is certain that mass spectrometry (MS) will remain the golden
standard for protein analysis for some years to come. With tandem MS reaching
mainstream status and further improvements focussing on single-cell applications
[45] and natively folded protein assemblies [228], the technology has matured so
well that it is difficult to outperform. The immediate future of new SM protein
analysis methods will therefore not lie in competing with MS in its own field,
but in filling niches that MS cannot, and in complementing MS analyses with
secondary, orthogonal information.
Paradoxically, initial practical uses of SM protein analysis devices may not
focus on the detection of proteins occurring in very low copy numbers. Rather,
meaningful contributions can be made more easily by providing less expensive
analysis tools that are operable by less specialized users. A single MS device
may cost anywhere from several tens of thousands to a million euros and incur
significant running costs, which puts in-house analysis far out of reach for smaller
laboratories. Initiatives to streamline the spread and shared use of MS equipment
promote broader adoption [229], but an inexpensive alternative – even if less
accurate – may relieve pressure on existing MS equipment and suffice for some
purposes. Potential applications could include targeted disease biomarker analysis
in fractionated and filtered samples, or coarse sample profiling. In remote areas or
developing countries, where reaching the nearest MS provider can be difficult, such
a hypothetical protein analysis device may be the only option. This would mirror
a similar development already seen in NA sequencing; nanopore sequencers were
successfully used to track ebola in Liberia and Guinea [230], and SARS-CoV-2
spread worldwide [231–233] – not because they produce single-molecule data,
but because they are light, inexpensive and easy to operate compared to second
generation sequencing devices.
Furthermore, SM protein analysis methods may augment MS analysis, to
enable the analysis of more complex samples or provide more in depth information.
Despite improvements in MS sensitivity and data analysis methods, the m/z
quantity read out remains a fingerprint, containing incomplete information on
highly complex molecules. For instance, the bottom-up MS approach requires
digestion of proteins prior to analysis, after which the original protein needs to
be reconstituted, however this is not always possible based on MS fingerprints
alone [234]. The orthogonal information provided by SM protein analysis methods
employing electrical or optical readout may partially remedy this. Long-range
information provided by an electrical readout of proteins passing through a
nanopore may make this reconstitution easier and more reliable, even if only
few residues are read out. In a way, this is analogous to the scaffolding of
a genome using the minimal, error-prone, long-range information provided by
optical mapping [235].
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8.2.4 Closing remarks
There is much reason for optimism in the nascent field of SM protein analysis;
although it has set itself the difficult task of studying the most diverse group
of biomolecules at the ultimate resolution, several methods have already been
conceived and brought to the proof-of-concept stage within the last decade. As it
stands, the first commercial implementations of SM protein fingerprinting methods
may arrive and mature in the coming decade, with the first SM sequencing methods
following closely behind. As I speculate here, this rapid development may be
aided by developments in SM sensing methods for NAs, but also by continuing the
tight integration of computational and experimental method development. The
work described in this thesis supports each of these elements, while simultaneously
introducing several immediately useful tools for data analysis.
It is difficult to overestimate the impact that a mature SM protein sequencing
method would have on molecular biology and medicine, though one can imagine it
would surpass that of DNA sequencing; a transformative force empowering all fields
of biology and enabling leaps in our understanding of disease mechanisms. With
this much societal impact on the line, it will be our responsibility going forward
to ensure an equitable distribution of benefits and opportunities in research, by
weighing cost against resolution, and making access ubiquitous.
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[135] Philip Ewels, Måns Magnusson, Sverker Lundin, and Max Käller. MultiQC:
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Summary

Although heterogeneity in properties and behavior of biomolecules at the singlemolecule (SM) level is crucial for cellular functions, this subtlety has long been
obscured by the bulk nature of common methods in biological research. With the
advent of SM identification and sequencing methods for biological heteropolymers,
the veil on this heterogeneity is beginning to lift. In particular, SM sequencing
of nucleic acid chains has recently seen widespread adoption. Although SM
protein analysis has yet to reach a similar state of maturity, the current pace
of development indicates that this technology will likely catch up in the coming
years. This thesis shows how bioinformatics and computational biology may steer
this catch up process and the development of SM analysis of heteropolymers in
general, over the coming years.
First, the concept of SM analysis of heteropolymers is introduced and the
landscape of readout methods that is currently being explored is described. Special
attention is given to the complexities of analyzing proteins using electrical and
optical readouts, and why the properties of proteins make their analysis more
difficult than that of NAs. This is followed in chapter 2 by a closer look at
electrical readout methods – currently one of the best developed methods for NA
analysis – discussing the physical basis, implementation and a range of dedicated
data analysis tools.
The subsequent three chapters describe several software tools that exemplify the
ways in which bioinformatics can streamline development of new SM methodology
in different stages of maturity. In the proof-of-concept stage, analysis software
should be adaptable to a wide variety of experimental setups, while remaining
intuitive to use by researchers without extensive instruction. FRETboard, the
highly modular semi-supervised classification software described in chapter 3
fulfills both these requirements for optical readouts.
Once a method has sufficiently matured to see adoption by a research community, it is likely to go through rapid iterations of improvements, making it difficult
to track the current state-of-art. poreTally, the tool described in chapter 4,
was designed to mitigate this issue for DNA nanopore sequencers, by making the
repeated benchmarking of read and assembly quality and the sharing of results
straightforward. Ultimately, a method that is developed to a stage of broad
adoption requires analysis software that is tailored to a given purpose. For some
applications this means that accuracy may be sacrificed to gain computational efficiency. This principle is implemented by baseLess, the analysis tool for electrical
readouts of NAs described in chapter 5, which drastically reduces computational
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hardware requirements by focusing on detection of specific sequences.
Bioinformatics and computational biology can also steer the development
of experimental methodology, by simulating methods under development and
indicating under which conditions the method is predicted to yield usable results.
I describe two such simulations in chapters 6 and 7. In chapter 6 coarse-grained
molecular dynamics simulations are used to evaluate a novel SM protein fingerprinting analysis method employing fluorescence-based intermolecular distance
measurements. Similarly, chapter 7 describes a simulation study for Chop-nDrop, a recently proposed method utilizing a proteasome-nanopore construct to
digest a protein and estimate the molecular weight of the fragments to obtain a
fingerprint.
Finally, this thesis concludes with a perspective on the future of SM protein
analysis. Lessons are taken from SM NA analysis that may be applied to SM
protein analysis, and recommendations to streamline future development from
the perspective of computational biology and bioinformatics are provided.
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