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Abstract
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Chair of the Supervisory Committee:
Jeffrey Nivala
Paul G. Allen School of Computer Science and Engineering

The gap between what can be read from the genome and what is functionally realized
at the protein level remains a central challenge in molecular biology. Because proteins
are shaped by splicing, translation, and post-translational modifications, and often
exist as diverse full-length proteoforms, proteomics demands new approaches beyond
conventional mass spectrometry.

This thesis explores the feasibility of identifying gene-encoded human proteins di-
rectly from nanopore-generated electrical signals (“squiggles”). Using AminoScribe, a
simulation framework grounded in empirical nanopore data generated via an unfoldase-
based translocation approach, simulated squiggles were produced from full-length hu-
man protein sequences. In this method, proteins are pulled through the nanopore by
a molecular motor, enabling continuous signal acquisition along the entire length of
each molecule. Each simulated signal was aligned to a reference library of canoni-
cal squiggle patterns using dynamic time warping (DTW), allowing for comparisons
invariant to temporal distortions. Classification systems were evaluated using fifty
simulated versions per protein to assess proteome-wide coverage.

Results indicate that human protein squiggles contain distinct, classifiable signal

features. A protein was considered “covered” if correctly identified in at least one



of ten trials, and “robustly covered” if correctly identified in all ten. Under ideal
simulation conditions, a nearest-neighbor classifier achieved nearly 100% coverage
and 92% robust coverage. In more realistic, high-noise conditions, overall coverage
remained high (99%), but robust coverage dropped to 10%. A multilayer perceptron
(MLP) classifier improved performance in these conditions, increasing robust coverage
to 33% using a reduced feature set.

These findings establish a baseline for protein identification from nanopore squig-
gles and outline both the potential and current limitations of nanopore-based pro-
teomics under simulated noise models. Future work will explore the extension of this
approach to detecting post-translational modifications and other forms of protein-level

variation.
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Chapter 1
INTRODUCTION

DNA, the code of life, is present in every cell of an organism. However, it can
only offer a partial glimpse into the intricate and ever-changing landscape of a cell.
When a gene encoded in DNA is activated, it is first transcribed into messenger RNA
(mRNA), which is in turn translated into a chain of amino acids, forming a protein.
Proteins have myriad functions: they make up the structure of a cell, they digest
food, they defend against pathogens, and much more. They are the actors that have
taken the script, the genome, and have brought it to life on the stage.

DNA sequencing has become a well-established practice, with next-generation
sequencing capable of generating over a billion sequencing reads per run. This has
unlocked an unprecedented view of the genome—the complete collection of genes that
a cell can express. It is the proteome—the profile of proteins present in a cell—that
truly reflects cellular state and processes. We can sequence the mRNA present in a
cell to understand what genes are currently active, but this alone cannot tell us what
proteins are actually present. The translation of mRNAs into proteins can happen at
different rates, and those proteins can have varying lifespans. Moreover, the proteins
themselves can be modified after they have been created, both enzymatically (e.g.,
phosphorylation) and spontaneously (e.g., deamination) [33].

Proteome snapshots hold the promise of unlocking new insights into cell states and
functions. This understanding is an invaluable tool for not only scientific research,
but also in clinical applications and diagnostics. Many cancers can be diagnosed and
monitored through protein biomarkers, such as the Human Epidermal Growth Factor

Receptor 2 (HER2/neu) in breast cancer [I8, 20], CA-125 in ovarian cancer [40],



and CA 19-9 in pancreatic cancer [2]. In the case of Alzheimer’s disease—infamously
difficult to detect early—the presence of Amyloid-beta and Tau proteins, especially the
ratio of total to phosphorylated Tau, are key markers for tracking disease progression
[34].

The protein-coding information of a single gene can be rearranged and spliced
together in mRNA form, resulting in a variety of protein sequences, each with varying
function. These spliced proteins are called spliceoforms, and it has been proposed
that the more than 20,000 genes in the human genome may give rise to millions of
distinct proteins [33]. This highlights the importance of being able to directly measure
proteins, and distinguish between spliceoforms. For example, the protein Bcl-2 has
a number of different spliceoforms, the ratios of which control cell death [14]. If we
could reliably distinguish between Bcl-2 spliceoforms, we would be able to predict the
fate of cells.

Protein sequencing technologies have lagged significantly behind their DNA se-
quencing counterparts. There are several factors contributing to this gap. DNA is
constructed from four nucleic acids, while proteins are made of a much more complex
alphabet of 20 different amino acids. DNA has a well-behaved double-helix structure
with predictable base pairings, while proteins form complex secondary and tertiary
structures that are difficult to predict and manipulate. Moreover, a key part of many
DNA sequencing techniques involves amplification, allowing a small sample of DNA to
be duplicated into a much larger sample—a capability not currently available for pro-
teins. This makes detecting proteins that are present in trace amounts a formidable
challenge. Overcoming these challenges in protein sensing would mark a significant

step forward in our ability to probe the inner workings of cells.



Chapter 2
BACKGROUND

2.1 Current Protein Identification Technologies

Mass spectrometry (MS), first devised in the early 1900s to analyze atomic and iso-
topic composition, has undergone decades of refinement to become the state-of-the-art
method for protein identification [19]. To identify proteins, the MS protocol enzymat-
ically digests a sample into constituent peptides, ionizes them, and transmits them
through a mass analyzer [I]. The mass analyzer precisely measures each peptide’s
mass-to-charge ratio. By matching these measurements to a reference database, pep-
tides can be identified and, in turn, used to infer the identity of the original protein
.

While MS is a powerful and indispensable technique, it is not without drawbacks.
MS instruments are costly and complex, and need expert operators. The ionization
and fragmentation process is inherently destructive [10]: proteins in the sample cannot
be used for further analysis. MS also typically needs a substantial pool of proteins
for bulk processing. Consequently, proteins present in trace amounts can be drowned
out by more dominant signals [I]. Additionally, when proteins are digested into
constituent peptides we lose information about the complete functional form of the
protein. For example, splice isoforms may yield the same constituent peptides, and
thus be indistinguishable from one another in the MS framework.

Mass spectrometry methodologies have significantly advanced in the quest for
single-cell proteomics. In 2016, a study assessing MS capabilities found that only
10% of single nucleotide variants observed at the DNA or RNA level were detectable

by MS, and even fewer proteoforms were measurable [26]. By 2020, Kelly et al.



[15] used MS to detect approximately 1,000 distinct proteins within a single cell—an
impressive improvement over conventional MS, though still far from capturing the
complete proteome. Despite these advances, increased sensitivity often comes at the
cost of additional time and resources devoted to sample preparation.

As the scientific community has continued to refine MS protocols, it has also been
exploring alternate strategies for protein sensing. Two such technologies are fluorose-
quencing [35] and FRET X [8]. Swaminathan et al. [35] propose a fluorosequencing
method, which labels peptides with fluorescent markers and observes fluorescence
changes as amino acids are iteratively cleaved using Edman degradation. This ap-
proach allows for parallel sequencing by anchoring peptides on a plate and observing
the fluorescence changes at each peptide location. Not all amino acids are labeled,
which prevents explicit identification; however, knowing the positions of a subset of
amino acids can suffice to match sequences to a human protein database. Their Monte
Carlo simulations demonstrate robust protein identification coverage, albeit sensitive
to certain errors like photobleaching. The method achieves proteome coverage com-
parable to mass spectrometry with the advantages of single-molecule sensitivity and
parallelization.

Similarly, de Lannoy et al. [§] introduced FRET X, a single-molecule fingerprinting
technique that uses Forster Resonance Energy Transfer (FRET) to measure distances
between labeled amino acids within proteins while they are in their native, folded
structures. Through both simulations and experimental work, they showed they were
able to differentiate spliceoforms and identify proteins using a reference database with
high accuracy, even when simulating errors.

Despite these advances, current protein identification technologies retain signifi-
cant limitations. Mass spectrometry is inherently destructive, requires bulk samples,
and cannot detect proteins present in very low abundance. Alternative single-molecule
methods, while promising, remain under development and struggle with incomplete

labeling. It remains difficult to resolve spliceoforms and post-translational modifica-



tions. In general, many techniques cannot interrogate proteins in their native states
or detect molecules that fail to ionize or fluoresce. These persistent challenges high-
light the need for approaches like nanopore sensing that can quantitatively probe

individual, full-length proteins.
2.2 Nanopore Sensing Technology

Nanopore sensors operate by analyzing the characteristic changes in current as molecules
pass through nanoscale pores. The resulting current trace (often referred to as a squig-
gle) can be analyzed directly using signal processing algorithms, and in the case of
DNA and RNA molecules it can be basecalled into a sequence [36]. A key benefit of
nanopore sequencing strategies is the ability to read an entire, full-length molecule
[23][21]. Unlike the many other strategies for both DNA and protein sequencing that
involve fragmenting molecules into constituent pieces, nanopore sequencing allows for
the analysis of unmodified and complete molecules. These full-length reads allow us
to distinguish between the spliceoforms that are otherwise occluded when proteins
are fragmented.

Nanopore sensors are inherently quantitative: each squiggle represents a single
observed molecule [0, B7]. This allows for the observation of minute amounts of
proteins that are otherwise undetectable or drowned out in bulk analysis methods. In
the absence of a protein amplification method, this single molecule detection strategy
is particularly compelling. Previous research with nanopores has shown that they can
detect post-translational changes [25], [38], 23], and discriminate between single amino
acid changes in a predictable way [21]. The unique squiggles generated by nanopores
hold the potential to serve as distinct fingerprints for database lookup strategies, as

well as the potential for de novo sequencing.



Chapter 3
RESEARCH QUESTION AND OBJECTIVES

Our project investigates whether nanopore-generated squiggles are distinct enough
to detect and identify human proteins. In general, sequencing determines the complete
order of a molecule’s building blocks, while sensing identifies a molecule by comparing
measured features to a reference database without reconstructing the full sequence.
Rather than directly predicting protein sequences from these squiggles, we use a
sensing, or fingerprinting, approach where squiggles are matched against a reference
database.

To assess the viability of this approach, we simulate realistic nanopore squiggles
for each known protein in the human proteome, incorporating stochastic noise to
mimic experimental variability. We then match these squiggles against a canonical
reference database. By performing Monte Carlo simulations and calculating precision,
recall, and F1 scores, we can quantify how reliably we can expect to identify human
proteins using only their nanopore squiggle. Quantifying identification performance
provides a reference point to evaluate whether nanopore sensing can complement or
surpass current approaches like mass spectrometry and fluorosequencing, establishing

a benchmark for using nanopores as a novel tool for human proteomics.



Chapter 4
METHODS

4.1 Proteome Coverage Estimation Strategy

To estimate proteome coverage we simulate nanopore squiggles for each gene-encoded
human protein and attempt to identify them by comparing signals against canoni-
cal reference database. The reference squiggles are generated using a deterministic,
non-stochastic baseline model. Two types of coverage are defined: any coverage, the
fraction of proteins identified at least once across ten trials, and robust coverage,
the fraction identified in all ten trials. These initial simulations were restricted to
gene-encoded protein sequences, excluding proteoforms and post-translational modi-

fications.
4.2 Core Tools

4.2.1  AminoScribe: Digital Twin for Nanopore Protein Squiggles
Motivation

Several nanopore signal simulators have been developed to test, improve, and explore
nanopore sequencing. These simulators focus exclusively on modeling DNA squiggles,
as this is the current use case for nanopores, and no such models exist for simulating
protein squiggles. NanoSim generates nanopore sequencing data based on statistical
modeling. It does not simulate the raw signal data directly, but rather simulates
the downstream sequencing results [39]. DeepSimulator, another major tool, uses
deep learning techniques to produce realistic signal data, although it tends to be

computationally intensive and produces some systematic errors affecting downstream



analysis [16].

Squigulator [I1] is a model that generates realistic DNA sequencing squiggles.
Rather than taking a deep learning approach, they build up their model explicitly
applying the behavior and noise observed in experimental nanopore data. This ap-
proach is more interpretable than deep learning, and significantly less computation-
ally intensive. Squigulator has a modular design that allows users to define their own
pore model, and also models signal noise. This allows the model to be used to explore
optimal conditions for basecalling, by adjusting parameters and using Monte Carlo
simulations to assess their impact on basecalling accuracy.

To run proteome-scale simulations we need an in silico model capable of generating
millions of different realistic protein squiggles. Existing nanopore simulators, like
like NanoSim [39], DeepSimulator [16], and Squigulator [11], focus exclusively on
DNA squiggles and are not designed for protein simulations. This motivated the
development of a novel nanopore protein signal simulator called AminoScribe.

AminoScribe is built using the experimental data collected by Motone et al. [21]
and Cardozo et al. [5]. These experiments informed a base model that generates
smooth, deterministic squiggles by convolving a 20-amino-acid reading window across
a protein sequence. Stochastic noise is applied on top of this base model to generate
more realistic squiggles.

Proteins don’t move through the nanopore at a fixed speed—-translocation is
controlled by a motor protein with distinct and varying stepping behavior. To mimic
these variations in translocation speed we take dynamic time warping (DTW) align-
ments between real experimental squiggles and the base model to learn stepping
behavior, which was then reverse engineered and incorporated into the model.

The experimental squiggles also have high frequency background noise, which
is typically smoothed with a low pass filter. AminoScribe uses the high frequency
noise residuals from these experimental squiggles to apply noise to simulated squig-

gles. These squiggles are reproducible when using a seeded random number generator



(configurable), and the model safe for multiprocessing.

Usage and Licensing

AminoScribe takes a protein sequence or UniProt ID and uses configurable noise levels,
optional tags, and post-processing options (e.g., normalization, filtering). It outputs
a reproducible, stochastic simulated squiggle. AminoScribe source code is publicly
available at https://github.com/uwmisl/Amino-Scribe/under the Apache License,
Version 2.0. It is available on the Python Package Index (PyPI) at https://pypi.
org/project/aminoscribe and can be imported into Python environments: pip
install aminoscribe. Full implementation details and model verification results

are provided as a Supplement (Chapter [Al).

4.2.2 DTWhiz: GPU-Accelerated Global Signal Alignment
Motivation

Dynamic time warping (DTW) is a signal processing algorithm that can compare
two signals with inconsistent time domain cadences. DTW is an invaluable tool in
processing nanopore signals, since the translocating molecules have variable speeds.
When comparing squiggles we don’t want to penalize any speed-ups or stalls—the
signal comparison must allow for insertions and deletions of signal values. DTW
gives us a principled way to compare these signals, and returns a score that represents
the similarity of two signals, with a lower score indicating the two signals are more
similar in shape. Algorithm and implementation details are provided as a Supplement
(Chapter [B).

A full-depth Monte Carlo simulated test of SquiggleMatch requires over 10 billion
DTW alignments. CPU-based DTW implementations are intractably slow at this
scale—we benchmarked an optimized C implementation (dtaidistance[d]) on a dual-

socket AMD EPYC system with 128 physical CPU cores and found a full simulation
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would take 7 weeks to complete.

DTWhiz is able to run a full simulation on a single AMD Instinct™ MI210 Accel-
erator in total runtime of around 25 days, which can be distributed across compute
nodes and makes our initial simulations and well as future iterations more computa-
tionally tractable.

We benchmarked DTWhiz against dtaidistance to quantify both end-to-end
runtime and raw kernel execution time. The kernel refers to the core GPU computa-
tion of the DTW matrix itself, which executes in under 0.20 seconds per workload.
However, repeated GPU setup calls (hipSetDevice) dominate the overall runtime,
bringing the end-to-end figure closer to 2.2 seconds. Reporting both runtimes clari-
fies performance: the kernel-only runtime defines the theoretical lower bound, while
the end-to-end runtime reflects the cost of the current usage model. This distinction
demonstrates the efficiency of the core implementation and points to an easy op-
portunity for future optimization, such as batching workloads to amortize remaining

overhead.

Usage and Licensing

DTWhiz takes as input a query squiggle and a set of reference squiggles. It outputs
a vector of DTW alignment scores. DTWhiz source code is publicly available at
https://github.com/uwmisl/dtwhiz under the Apache License, Version 2.0. Im-

plementation and benchmarking details are available as a Supplement (Chapter .
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Method Per Protein ID Time Full Simulation Time
fastdtw (single core) 35 minutes 66 years
dtw-python (1 core) 24 minutes 46 years
dtw-python (128 cores) 27 seconds 11 weeks
dtaidistance 5 seconds 7 weeks
DTWhiz (end-to-end) 2.2 seconds 25 days
DTWhiz (kernel execution) 0.2 seconds 2.2 days

4.3 Simulation Workflow

4.8.1 SquiggleMatch Engine

The SquiggleMatch engine uses AminoScribe to generate batches of stochastic protein
squiggles. It then uses DT'Whiz to execute the protein identification step, where each
squiggle is compared using DTW alignment to all squiggles in a canonical reference
set. SquiggleMatch takes as input a UniProt protein ID and a desired simulation
depth, and returns a vector of DTW alignment scores against the canonical reference

set.

4.3.2  Monte Carlo Framework

Overview: The Monte Carlo simulation uses the SquiggleMatch engine to classify a
batch of 50 squiggles for each gene-encoded human protein (this currently excludes
proteoforms and post-translational modifications). This gives over a million simulated
protein identifications. The simulation runs in configurable noise regimes, determining
the level of noise applied to simulated protein squiggles. Metadata, like the random
seed used by AminoScribe, squiggle length, and normalization factors are recorded
along with final results. All data was saved in Apache Parquet format, partitioned
by protein id. This partitioning gives every protein id a separate directory, and since

each protein id is processed individually with separate SquiggleMatch processes, the
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results can safely be written in parallel. Partitioning also lets downstream analysis
avoid pulling all data into memory by streaming data with pyarrow or by choosing
specific protein records to investigate.

The full simulation ran on the AMD AI & HPC Cluster [3], utilizing nodes with a
dual-socket AMD EPYC system with 128 physical CPU cores and four AMD Instinct™
MI210 Accelerators (MI1210).

Further details about the simulation pipeline, implementation details, and scaling
strategies are provided as a Supplement (Chapter |C)).

We ran two full simulations of proteome coverage, one with minimal modeled noise
and one that included all modeled sources of stochasticity.

In the low noise regime, AminoScribe generates baseline squiggles without time
warping or amplitude noise. The only stochasticity, and the only difference from the
canonical squiggles, is the inclusion of variance in the signal impact at the amino acid
level. This configuration tests the best case scenario for squiggle identification by
including only intrinsic signal fluctuations. This gives an upper bound on proteome
coverage.

In the high noise regime all of AminoScribe’s stochastic features were enabled:
time warping, amplitude noise, and dynamic z-score normalization. The resulting
squiggles are processed with a low-pass filter and downsampled by a factor of 20 to
mimic the expected data preparation pipeline for experimental squiggles. This regime
captures proteome coverage under the full set of variability modeled to date, giving

the most comprehensive approximation currently available.

4.4 Analysis Methodology

4.5 Avoiding Direct Squiggle to Protein ID Classification

There have been a number of successful approaches to classifying nanopore squiggles

using raw signal data [4, 22| 24] 29 22| 3T I7]. However, our early tests showed that
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a network trained directly on simulated squiggles could memorize simulation artifacts
and achieve unrealistically high accuracy compared to the squiggles coming out of the
wet lab. AminoScribe is tuned to mimic the DTW alignment behavior of experimental
squiggles. By converting every squiggle into DTW alignment scores against canonical
references we obtain features that better reflect behavior of experimental squiggles.
Therefore, rather than learning directly from raw simulated signals, we strictly use
DTW scores as feature vectors to give a more realistic approximation of experimental
performance. As we collect and process more experimental protein squiggle data, the
AminoScribe model will improve and in the future we expect to be able to develop

direct signal-to-label classifiers.
4.6 Nearest Neighbor Evaluation

Nearest Neighbor (NN) classification identifies a protein strictly based on its DTW
alignment scores against a reference set. NN evaluations assess whether DTW align-
ment preserves signal shape under noise. Metrics used include precision, recall and

top-k accuracy. Proteome coverage is measured as the fraction of identifiable proteins.

4.6.1 Intermediate Results Aggregation

The full dataset of results is dense, with almost 20 billion different DTW alignment
scores. Intermediate processing breaks this down into condensed statistics, which are
then saved and can be loaded and reused without having to scan the full dataset again.
This pipeline takes advantage of Parquet partitioning to extract relevant information
about each protein without needing to load all data into memory. Parquet files can
be read and processed in parallel, speeding up the dataset scan. We collected both
per-trial and per-label statistics. In this setup, a trial is the attempted identification
of a single protein signal. A label is one of the proteins represented in the canonical
squiggle set. Per-trial statistics yield true-positive rates and per-label statistics cap-

ture false positive rates. These statistics are collated and used to give an overview of
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per-protein recall and precision.

4.6.2  Per-Trial Metrics

For each protein We load the partitioned results and collect the ‘correct match rank’
for each of the 50 trials. This is the ranked position of the true label. We then
compute the recall (true positive rate) for each protein, taking the fraction of trials

for which the true match was ranked first.

4.6.83  Per-Label Aggregates

To avoid repeated scans of the dataset, the per-protein intermediate processing step
also collects a summary of observed false positives. This gives us a false positive rate
for each label in the reference database.

We also compute reliability, a heuristic of a label’s predictive power. Labels that
match rarely or randomly provide little information and have a low reliability score.
Labels that regularly show up as matches to the same set of proteins have high

reliability.

4.6.4 Combined Metrics

Merging the per-trial and per-label summaries lets us calculate the F'1 score of each

protein, a metric that balances over- and under-prediction.
4.7 Multilayer Perceptron Classifier

4.7.1 Motivation: Do we need all DTW alignment scores?

We investigated whether classification is possible when using a subset of DTW align-
ment scores as features, rather than relying only on the top ranking match. Using only
a subset of DTW alignment scores would eliminate the need for a complete scan of

the proteome reference set. This reduces the number of DTW alignments that need
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to be performed and would dramatically reduce the computational cost of protein

identifications.

4.7.2  Anchor Selection via Label Reliability

Choosing a set of discriminating anchors from a 20k-dimension space is non-trivial.
Instead we start by choosing anchors based on how canonical squiggle labels performed
under nearest neighbor classification. Traditional feature selection and dimensionality
reduction techniques, like mutual information (MI) or principal component analysis
(PCA), break down or become intractable with our dataset of 20k labels and only
50 trials per label. With this many labels and so few relative trials, MI is both
computationally intensive (many labels) and less statistically reliable (too few trials
per label). PCA is similarly likely to fit noise without enough trials to show clear,
distinct protein clusters in the full high dimensional space.

Instead, we choose labels based on the sum of pointwise mutual information cal-
culations.

For each label in the canonical reference set, we record the proteins that were

incorrectly assigned that label. For each label L and protein i, we compute

p(L) = how often L is predicted,
p(i) = how often i is the true label,

p(L,7) = how often L is predicted while ¢ is the true label.

Pointwise mutual information between the label L and a particular protein i:

PMI(L, i) = log (%)

measures the joint probability between label L and protein i—are they completely

independent variables, or does label L correlate with protein ¢? The pointwise mutual
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information is 0 if L matches protein ¢ only by chance, and is > 0 if they occur together
more often than just randomly:.

For our reliability measure, this is weighted by how often L and ¢ occur together:
p(L, 1), so that informative but rare pairings do not dominate scores, and then summed

over all proteins:

Reliability(L) = [p(L7 i) -log (1%)]

This rewards labels that are predicted often, and that have a consistent set of

i

proteins they match to. Labels with high reliability might have many false positives,
but even a false positive can help narrow down the pool.

Labels with high reliability are chosen as anchor features. Since a protein’s true
label may not be among these anchors, classifiers infer protein identity by evaluating
the protein’s DTW alignment scores relative to the anchor set in feature space.

This is used as a first-pass heuristic for feature selection and reduces the mas-
sive dimensionality of the original 19,772 element feature vectors, allowing for easier

classification train and testing.

4.7.8  Model Architecture

To see if this feature reduction strategy is effective, we trained a Multilayer Perceptron
(MLP) using PyTorch [7] and tested classification accuracy.

The full dataset comprised 19,772 unique protein labels, with 50 trials per label,
resulting in nearly one million labeled examples. The dataset was split into training
and test sets using an 80/20 stratified split, ensuring that each protein label was
proportionally represented in both sets. Since each protein has only 50 trials, the test
set contains roughly 10 examples per label; thus, evaluation metrics per protein may
be noisy, and results should be interpreted as a proof of concept rather than definitive

performance.
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Input features to the MLP are DTW alignment scores between the unknown squig-
gle the selected subset of squiggles in the reference database. Input features were
standardized using StandardScaler to prevent anchor points with consistently large
DTW alignment scores from dominating—for example, if the canonical squiggle is
especially long or the signal sits at an uncommonly high or low amplitude range, it
would consistently have poor alignments and high alignment scores.

Our two-layer MLP consists of an input layer (1000 or 2589 DTW alignment scores,
depending on noise regime), one hidden layer (1024 neurons, ReLU), a dropout layer
(p = 0.2), and an output layer (19,772 neurons, softmax).

This architecture was selected as a lightweight deep learning baseline, using mostly
default hyperparameters (e.g., ReLU activation, dropout rate, and hidden layer size).
No systematic hyperparameter tuning was performed at this stage, as the goal was
to establish baseline feasibility and assess if a small number of anchor distances can
preserve signal space structure.

The model was evaluated with a 20% holdout set, giving us ten simulated squiggle
identifications per protein. We collected top-k accuracy results for each protein, and

the proteome coverage percent (fraction of proteins with successful identifications).



18

Canonical Squiggle

Observed Current

Stochastic Squiggles

Observed Current

Variable Translocation Speed

Observed Current

High Frequency Noise

Observed Current

1 2 3 4 5 6
Time (s)

Figure 4.1: AminoScribe can apply different sources of stochastic behavior. On top we see
the canonical squiggle shape. In the middle we see a sampling of simulated squiggles when
including per-amino-acid variance behavior and an example of modeling varying translo-
cation speeds. The squiggle no longer matches point by point with the canonical shape,
highlighting the need for dynamic time warping alignments. On bottom there’s an exam-
ple of a squiggle generated with per-amino-acid variance, variable translocation speed, and
amplitude noise.
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Chapter 5
RESULTS

5.1 Experiment Overview

The Monte Carlo protein identification simulation was run in two different noise
regimes. The low noise regime modeled only inherent amino-acid-level variance in the
protein squiggle, leaving the time domain consistent (removing motor protein behavior
artifacts) and adding no signal noise. The high noise regime includes all stochastic
squiggle behavior modeled thus far: amino-acid-level variance, time warping, signal
noise, and post-processing normalization using a C-terminal tag. In each regime we
simulated 50 squiggles for each of 19772 human protein sequences. Each simulated
squiggle was aligned to all 19772 canonical squiggles, giving a DTW alignment score
for each. These alignment scores are used directly by a nearest neighbor classifier.
A subset of canonical squiggles was chosen to act as anchors in signal space,
reducing the dimensions from 19,772 to just a few thousand. The alignment scores
between an unknown squiggle and these anchors form the feature vectors that are
used to train and test a Multilayer Perceptron (MLP) classifier. The MLP classifier

was benchmarked with a 20% holdout set of simulated squiggles.
5.2 Classification Statistics

In top-k accuracy, a match is considered accurate as long as the correct label is in the
top-k ranked labels. In top-1 accuracy the correct label must be chosen exactly, while
top-100 loosens the requirement to being anywhere in the top 100 ranked options
(The 99.5% percentile amongst 19,772 labels).

In the low noise regime, nearest neighbor (NN) classification performs near-perfectly:
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top-1 accuracy is 97.91%, rising to 99.96% at top-100 (Table [5.1). The MLP classi-
fier, though using only a small fraction of the full feature space (1000 of 19,772 DTW
distances), tracks closely—reaching 100% top-100 accuracy. In the more realistic high
noise regime, performance drops sharply: NN top-1 accuracy falls to 65.17%. How-
ever, the MLP classifier regains much of this ground, achieving 80.05% at top-1 and
98.81% at top-100, again using a reduced feature vector (Figure .

Classification performance also varies with sequence length. Shorter proteins are
harder to identify due to limited distinguishing signal content. In both regimes, accu-
racy increases with sequence length (Figures . In the low noise setting, sequences
longer than 250 amino acids achieve high reliability. Under high noise, the length
threshold for stabilization shifts higher—proteins shorter than about 1000 amino acids
exhibit noticeably lower accuracy and greater variance.

Additionally, classification accuracy is strongly affected by signal normalization.
Each squiggle is normalized using a common C-terminal tag, but noise and time warp-
ing cause variation in the observed mean and standard deviation. As shown in Fig-
ure 5.0} correctly matched squiggles cluster in a diagonal band in normalization space,
suggesting that some skewed normalizations (e.g., upshifted mean with downscaled
variance) are still compatible with accurate identification. This goes against our the
assumption that optimal normalization is centrally located, and points to underlying
interactions between this normalization technique and DTW-based matching.

Together, these results show the limits of simple NN classification under realistic
noise and the potential of feature-space compression and learned models to recover

accuracy.

Squiggles are normalized before comparison using identical C-terminal tag se-
quence. Because the squiggle has noise and timewarping added before performing

z-score normalization the detected mean and standard deviation is different between
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Low Noise NN Low Noise MLP High Noise NN High Noise MLP

Top-1 97.91% 96.31% 65.17% 80.05%
Top-5 99.64% 99.61% 73.25% 92.09%
Top-20 99.92% 99.99% 78.92% 96.51%
Top-100 99.96% 100% 85.28% 98.81%

Table 5.1: Top-k Accuracy Comparison Between Nearest Neighbor and MLP Classifiers

trials. The coordinates on this heatmap show the mean and standard deviation de-
tected in C-terminal squiggle, and are colored depending on the rank of the correct
match. A dark purple indicates that the best match was ranked very close to the top,
while yellow indicates ranking in the middle of the pack, far below any useful cutoff.
High ranking squiggles cluster in a diagonal band rather than a concentrated center

point.

5.2.1 Feature Selection and Label Reliability

The vector of DTW alignment scores between a query squiggle and canonical squiggles
is used as a feature vector for more advanced classifiers. Rather than using all DTW
alignment scores, we selected a subset to use as anchor points. An unknown squiggle
is DTW aligned to only these anchor squiggles, and the resulting scores help to
triangulate its identity. Anchors are chosen based on a label reliability heuristic
discussed in Methods. Labels that are highly reliable match a very consistent set
of proteins, discriminating between protein clusters and reflecting local structure in
the proteome. This is exactly what we want: to encode structure beyond just self-
matching.

In the low noise regime, we chose the top 0.5% of labels ranked by reliability as
the anchor vectors. In the high noise regime we did the same, while also including
proteins with perfect precision. In the low noise regime almost all proteins had perfect

precision, but the addition of realistic noise dropped this down to just 2589 proteins.
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Lok Nearest Neighbor vs Multilayer Perceptron
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Figure 5.1: This plot shows the probability of recovering the true match within the top
k ranked candidates for nearest neighbor (NN) and for the multilayer perceptron (MLP) in
the high noise regime. The NN classifier starts with 65% accuracy at k=1, and rises as we
loosen the definition of success to include top-20 (79%), but reaches diminishing returns and
improves to only 85% when taking top-100. Using the MLP classifier improves accuracy
significantly, with 80% of trials successfully identified with just k=1 (comparable to k=20
for NN). The MLP gains accuracy very quickly as we relax to higher k values. With top-5 it
has 90% accuracy, growing to 96% accuracy at k=20 before plateauing. This shows that the
MLP classifier almost always has the correct answer ranked among the top 20 candidates.

These protein squiggles remained distinct enough with the addition of noise that they
are not easily confused with other proteins. We chose to include these proteins to act
as distinct outliers—the highly reliable anchors can define clustering locations, while

the outliers can take a zoomed out look from a different perspective.
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Figure 5.2: The first plot shows the per-protein identification accuracy as a cumulative
distribution function (CDF), summarizing 50 trials per protein. In the high noise regime
most proteins achieve 70-80% accuracy, indicating that correct matches are ranked first the
majority of the time. The second plot shows the distribution of false positive (FP) rates
per protein, expressed as a percentage of all trials (50 x 19,772). Only a small fraction of
proteins contribute disproportionately to false positives: in the canonical set, a few proteins
account for the majority of FP events, while most proteins have rates near 0%. The pattern
is consistent across noise regimes, although the high-noise regime produces generally higher
FP counts. This highlights that FP occurrences are concentrated in a small subset of
proteins rather than spread uniformly.
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Figure 5.3: In the low noise regime, proteins had very high mean precision (97.95%),

recall (97.91%) and resultant F1 score (97.82%). In the high noise regime, protein precision
remains fairly high but recall drops significantly, pulling the F1 scores away from 1.
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Identification Accuracy vs. Sequence Length
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Figure 5.4: Shorter sequences have lower accuracy and higher variance, but in the low
noise regime the typical high accuracy is recovered for sequences longer than 250 amino
acids. In the high noise regime there is still a distinct correlation between sequence length
and accuracy. Accuracy improves quickly up to sequence length 250, as seen in the low
noise regime, and improves slowly but consistently beyond that. Even in the ideal case,
short sequences are harder to identify. They are even harder to detect in the realistic high-
noise regime, and sequence length overall has a more dominant effect on accuracy, since it
doesn’t stabilize until sequences are near 1000 amino acids long, many times longer than

most protein sequences.
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Identification Accuracy vs. Normalization Factors
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Figure 5.5: Impact of normalization on classification accuracy. Identification is highest
near ideal normalization, but a diagonal band of shifted mean—variance pairs also yields
high accuracy, while opposing shifts in mean and variance quickly reduce performance.
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Figure 5.6: In the low noise regime, many proteins achieve perfect precision and recall,
producing a sharp peak in reliability around 5 x 10~* (the expected value for a label with
exactly 50 correct matches). Reliability decreases when a label has fewer matches or false
positives, and increases when it consistently matches to more than one protein. For example,
evenly split matches between two similar proteins yield a small secondary peak near 1073.
In the high noise regime, the sharp peak at 5 x 10~* smooths out as errors accumulate,
but this also reveals relationships between proteins: more labels show elevated reliability,
indicating clusters of proteins that are frequently confounded.
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Chapter 6
DISCUSSION

6.1 Proteome Coverage

To address our central research question—How much of the human proteome can be
identified using nanopore squiggles?—we define two coverage metrics: Any Cover-
age, at least one correct identification across ten trials; and Robust Coverage, cor-
rect identification in all ten trials. For fair comparison with the MLP classifier—which
uses a 20% test split—all methods were evaluated on a 20% holdout set, yielding ten

classification trials per protein.

Method Any Coverage Robust Coverage
Low Noise Regime, Nearest Neighbor 99.87% 91.96%
Low Noise Regime, MLLP Classifier 99.21% 86.85%
High Noise Regime, Nearest Neighbor 98.89% 10.44%
High Noise Regime, MLP Classifier 98.36% 33.34%

Table 6.1: Coverage Metrics Across Different Classifiers and Noise Regimes

6.1.1 Low Noise Regime: Upper Bound

In the low noise regime, nearly all proteins have at least one correct identification
and 92% were identified across all ten trials. Protein squiggles tightly cluster around
their canonical forms in signal space. For some identifications, modeled amino acid
variance still disrupts alignment rankings. The MLP classifier, currently untuned, did

not improve on this already high coverage.
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6.1.2 High Noise Regime: Realistic Conditions

In the high noise regime, where we include all modeled stochasticity, nearly all proteins
(=~ 99%) had at least one correct identification. However, robustness drops, with only
10% of proteins achieve 10/10 accuracy with nearest neighbor. The MLP classifier

recovers some ground, identifying a third of the proteome with 10/10 accuracy.
6.2 Sequence Length and Normalization

Because DTW is sensitive to amplitude differences, our pipeline uses a C-terminal tag
to normalize dynamic range across signals. However, the mean and standard devia-
tion of the tag—parameters used in z-score normalization—are not always estimated
accurately. When the resulting normalization deviates from expectation, squiggle ac-
curacy often declines, though not uniformly: some skewed normalizations still yield
confident identifications, while others lead to steep accuracy losses.

We also found that shorter proteins are more difficult to identify. Short signals
contain fewer distinctive features, particularly given the large (20-amino acid) reading
window currently modeled. For short proteins, the C-terminal normalization tag
dominates the signal, potentially obscuring informative regions. Refining the design
and usage of a normalization tag could reduce normalization artifacts and improve

the accuracy of identifying shorter proteins.
6.3 Dimensionality Reduction and Advanced Classifiers

Anchor-based dimensionality reduction proved highly effective: selecting 3,575 squig-
gles reduced dimensionality by 82% and decreased DTW computation time from
200-300ms to 35-55ms. The MLP classifier maintained or exceeded the performance
of a naive nearest neighbor approach, particularly in high-noise conditions, increasing
robust coverage from 10.44% to 33.34%. These results demonstrate that careful selec-

tion of anchor features can both accelerate and stabilize identification, with further
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optimization likely to improve performance even more.
6.4 Comparison to Other Identification Methods

Our in silico results demonstrate that nanopore fingerprinting can be competitive with
existing protein identification technologies while offering distinct advantages in resolu-
tion and full-length context. Compared to mass spectrometry, which remains the gold
standard for depth and precision [I], nanopore fingerprinting provides single-molecule
resolution without requiring destructive digestion or bulk sample preparation. While
mass spectrometry benefits from extensive reference libraries, it struggles with incom-
plete coverage, low-abundance proteins, and differentiation of spliceoforms [26] [15].
Nanopore fingerprinting, by contrast, preserves the full-length sequence context, al-
lowing for the potential resolution of proteoforms and post-translational modifications
that are otherwise occluded in conventional MS workflows [23] [21].

Relative to emerging single-molecule approaches such as FRET X [8] and fluorose-
quencing [35], nanopore fingerprinting offers complementary strengths. Like these
techniques, nanopore methods enable single-molecule detection, but they also pro-
vide direct, full-length signal information without requiring residue-specific labeling
or complex chemistries. Whereas FRET X depends on measuring distances between
labeled amino acids within folded proteins [8] and fluorosequencing relies on partial
labeling and iterative cleavage [35], nanopore fingerprinting generates a continuous,
quantitative signal from the native molecule.

Our work on feature reduction and multilayer perceptron classification highlights
the potential for scalable protein identification. The use of anchor-based dimension-
ality reduction demonstrated that high-accuracy identification can be achieved with
substantially fewer features, reducing DTW computation time by an order of magni-
tude while maintaining or improving classification performance. This suggests that
nanopore fingerprinting could be extended to high-throughput or real-time applica-

tions, a domain where traditional MS and other single-molecule methods are either
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slower or more resource-intensive.

These results place nanopore fingerprinting as a promising alternative in the pro-
teomics landscape. It bridges the gap between high-resolution, bulk techniques like
mass spectrometry and emerging single-molecule approaches, offering a combination
of full-length context, quantitative precision, and computationally tractable analysis.
While the technology remains in development and faces challenges such as noise sen-
sitivity and algorithmic optimization, the findings presented here suggest that careful
signal processing and machine learning strategies can make nanopore fingerprinting
a viable tool for comprehensive human protein identification.

While the current MLP classifier and anchor-based dimensionality reduction demon-
strate promising performance, future work could explore systematic hyperparameter
optimization, more sophisticated feature representations, and advanced model archi-
tectures to further improve protein identification accuracy. Additionally, integrating
these approaches with emerging wet-lab nanopore protocols could help guide experi-
mental design and enhance the overall robustness and scalability of nanopore finger-

printing.
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Technology Strengths Limitations Development Stage
FRET X Sub-nanometer  preci- Low throughput; de- Coverage analysis done
sion; resilient to noise pends on 3D con- in simulation; model
(e.g., photobleaching); formation; requires builds on experimental
single-molecule sensitiv- residue-specific labeling  results
ity
Fluoro- Encodes sequence, not Fragile chemistry; shal- Most analysis done in
sequencing structure; works on dis- low read depth; heavy simulation; very early ex-
ordered peptides; poten- reliance on preprocessing perimental stage
tially scalable; single- and classifiers; limited to
molecule resolution short peptides
Mass Spec- Depth; precision; exten- Incomplete coverage; Mature and well ana-
trometry sive reference libraries bulk-only; splice-blind lyzed. Recent advance-

Nanopore Fin-
gerprinting

Single-molecule  reads;
full-length context; high
potential for proteoform
resolution

Emerging tech;
identification-based
(not sequencing); noise-

sensitive

ments include single cell
proteomics and top-down
approaches

Coverage analysis done
in simulation; model is
built on experimental re-
sults

Table 6.2: Comparison of Protein Identification Technologies
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Chapter 7
CONCLUSIONS

7.1 The Feasibility of a Nanopore Protein Identifier

Our proteome coverage simulation results show that protein squiggles have distinct,
detectable signatures. Dynamic time warping alignment scores capture shape simi-
larity and can be used to identify proteins based solely on their simulated nanopore
squiggle. Under ideal conditions, these alignment scores carry enough identifying in-
formation that a naive nearest neighbor classifier provides excellent coverage. Under
more realistic noise conditions, nearest neighbor performance declines, but more ad-
vanced classifiers, like the multilayer perceptron tested here, can recover accuracy.
Notably, our multilayer perceptron outperformed nearest neighbor while using only
a small subset of alignment scores, highlighting the potential for computational effi-
ciency without sacrificing performance.

Nanopores offer unique advantages for protein identification. They scan whole
proteins at once, producing full-length reads that can capture splice isoforms and
information about sequence length, which is not possible when proteins are frag-
mented for mass spectrometry or fluorosequencing. Our simulations also indicate
that longer proteins are identified more accurately, making long reads especially valu-
able. The discrete, single-molecule nature of nanopore data allows direct counting of
populations and detection of low-abundance proteins, while also revealing intra- and
inter-molecular features that are typically obscured in bulk measurements.

Another advantage is the non-destructive nature of nanopore sensing. Proteins
remain intact as they pass through the pore, opening the possibility of re-reading

the same molecule to improve identification. This contrasts with top-down mass
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spectrometry or FRET X, which require destructive processing or labeling and cannot
preserve native molecules.

Current limitations of our modeled setup include the requirement for fully un-
folded proteins and the reliance on a predefined set of labels and canonical squiggles.
Proteoforms and post-translational modifications would dramatically expand the la-
beling space, which is not yet fully addressed. Nonetheless, our use of anchor-based
dimensionality reduction demonstrates that it is possible to maintain distinct sig-
nal representations while keeping computation tractable, providing a pathway toward
scaling to larger and more complex protein sets.

Overall, our in silico results demonstrate that nanopore fingerprinting is com-
petitive with existing protein identification technologies. It bridges the gap between
high-resolution, bulk approaches like mass spectrometry and emerging single-molecule
methods, offering full-length context, quantitative precision, and computationally
tractable analysis. Although the technology remains under development and chal-
lenges like noise sensitivity and algorithmic optimization persist, our results indicate
that nanopore fingerprinting, in combination with careful signal processing and ma-
chine learning, could enable comprehensive protein identification, especially in appli-
cations requiring minimal sample input and high proteoform resolution.

Looking forward, this approach could be applied in several real-world contexts.
Clinical proteomics could benefit from rapid, low-input identification of biomarkers
directly from patient samples, enabling early disease detection or monitoring. Struc-
tural biology studies could leverage full-length nanopore reads to observe isoforms
and post-translational modifications without fragmentation. Additionally, the single-
molecule resolution of nanopore data opens the possibility of protein “base calling,”
analogous to how nanopore sequencing enabled DNA base calling. The challenge is
considerably higher (we must resolve 20 amino acids across a large reading window)
but with sufficiently advanced signal processing and machine learning, direct infer-

ence of primary protein sequences may be achievable. As wet-lab nanopore protocols
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continue to develop, these in silico findings could help guide experimental design, for
example in pore selection and engineering, tagging strategies, and rereading protocols.
By combining experimental nanopore sensing with scalable machine learning frame-
works, future research could further improve identification accuracy, extend coverage
to larger proteomes, and open new avenues in proteomics and molecular diagnostics.

Together, these advances suggest that nanopore protein fingerprinting could trans-
form proteomics, enabling rapid, high-resolution, and single-molecule insights previ-

ously out of reach.
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Appendix A
AMINOSCRIBE

A.1 Overview

AminoScribe is a Python module that can realistically simulate protein nanopore
squiggles. It generates squiggles from either a sequence or UniProt accession ID, and
optionally adds empirical time and amplitude noise. After squiggle generation it can
optionally apply dynamic normalization using a C-terminal sequence or apply linear
interpolation downsampling. All randomness can be made reproducible by passing in
a seed value.

AminoScribe source code is publicly available at https://github.com/uwmisl/
Amino-Scribe under the Apache License, Version 2.0. It is available on the Python
Package Index (PyPI) at https://pypi.org/project/aminoscribe and can be im-

ported into Python environments: pip install aminoscribe.
A.2 Synthetic Protein Dataset and Experimental Context

In the current experimental setup, proteins are engineered with a negatively charged
tail at the N-terminus and a folded domain plus an ssrA tag at the C-terminus. This
allows the protein to be initially pulled through the nanopore via electrophoretic force,
up until the folded domain, which is too large to pass through the pore and halts the
translocation. Once the proteins have been captured by the pores in this way, ClpX
unfoldase is added. The ClpX motor protein recognizes the ssrA tag and ratchets
the protein backward through the pore. As the protein is pulled back out through
the pore we are able to capture the current signal, which varies based on what amino

acids are in the pore at the time, providing a current level signature, or squiggle.
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When the protein strand is initially pulled through the pore by electrophoresis forces,
it translocates too quickly for the signal to be captured. The motor protein, in
contrast, slows down the rate that the protein is passing through the pore, enough
that many data points can be collected for each step of the ratchet.

Previous experimental work designed synthetic proteins made up of repeating
modular segments. Each segment is bookended by tyrosine residues, which are large
amino acids that cause a noticeable current trough. In between the troughs there’s a
spacer sequence that passes more easily through the pore and causes the current to
rise. In the very middle of the segment there’s a single variable residue, giving us 20
different possible segments, one for each amino acid. This design lets us compare the
effect that different amino acids have on the signal-—some amino acids will pull the
peak of the segment even higher, and some will lower it into a trough.

Eight different synthetic proteins were designed, each composed of five different
segments so that each of the 20 amino acids is represented twice as the variable residue.
The lab collected translocation data for these proteins using an ONT MinlON device
and a dataset of 673 traces. The segments can be isolated using the distinctive double
tyrosine troughs. Squiggle behavior was learned by analyzing confidently isolated

segment squiggles.
A.3 Canonical model

The AminoScribe toolchain begins with a noiseless canonical squiggle model. This
portion of the model takes a protein sequence as input and outputs a predicted
nanopore signal. It takes the protein sequence and converts it into an array of impact
scores. An impact score is a unitless number, unique to each amino acid, that repre-
sents the effect that that amino acid will have on the current. These impact scores
are integrated over a 20-residue parabolic window[5] and convolved across the protein

sequence to predict current levels. This generates a smooth, idealized squiggle shape.



42

A.3.1 Choosing Amino Acid Impact Scores

The amino acid impact scores were originally derived based on known amino acid fea-
tures—each amino acid’s charge and volume were combined linearly to predict current
effects. The coefficients of the linear combination were chosen to fit the model to the
observed data. This model worked well, but didn’t capture the inherent variability in
the impact that even the same amino acids might have. A second pass of tuning was
done, this time allowing impact scores to be represented as Gaussian distributions,
rather than a single deterministic point. Using the biophysically principled model as
a starting point, Gaussian means and standard deviations were estimated for each
amino acid, choosing parameters to fit the model to the observed data. Using Gaus-
sian distributions allows for stochastic jittering in the impact scores for each amino
acid. This can be optionally disabled, in which case AminoScribe will use the mean

value deterministically.

A.4 Variable Translocation Speed

To simulate realistic variations in translocation speed through the nanopore, Amino-
Scribe introduces time-domain noise using empirical step size and duration distribu-
tions. These distributions were extracted from dynamic time warping (DTW) align-
ments between real experimental squiggles and their corresponding noiseless templates

using dtw-python[I3], 12]. The result is a pair of frequency-weighted distributions:

e Step Size (in amino acids): How far to jump in the sequence for the next reading

frame—how far the window should slide along the input sequence.

e Step Duration (in data points): How many samples the current step should be

stretched to.

These distributions are later sampled to generate realistic time domain stretching.
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A.4.1 Learning Stepping Behavior

To see what sort of time domain noise the signals experience I took the noiseless model
and used DTW to align it to each of the experimental traces. This showed me how
the experimental traces varied in speed — sometimes skipping ahead of the modeled
signal, and sometimes pausing at a particular data point. Empirical distributions of
step sizes and dwell times are extracted from these alignments.

This technique mimics stepping behavior, but doesn’t extract step information
directly. ClpX has discrete steps that skip over multiple residues, and significant
dwell time between steps. The dtw alignments are not incentivized to have this
behavior, and instead takes steps of size 1 most of the time, and then captures all
the variability in the step duration parameter. The DTW alignment has such fine
granularity that it prefers to mimic a smoothly sliding reading window, rather than
abrupt jumps. This could be improved by adding constraints to the DTW algorithm,
or by detecting and extracting steps directly.

A.4.2  Applying Stepping Behavior in AminoScribe

The observed distributions of step sizes and dwell times are used to apply realistic
looking time warping to the noiseless model.

Time warping is applied in an independent and iterative fashion. For each sim-
ulated squiggle a list of step sizes and durations is drawn i.i.d. from the extracted
empirical distributions. Starting at the beginning of the noiseless template, we scan
forward, taking steps forward as determined by sampled step sizes. After each step,
the corresponding value in the noiseless template is repeated for the sampled duration.
This is repeated until the entire noiseless template has been scanned. The resulting
signal is a time-domain distorted version of the noiseless template that mimics the
natural variability in translocation timing. For performance, step sizes and durations

are chosen up front instead of choosing a new sample in every iteration of the loop.
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Random behavior can be set and made deterministic with a seed.
A.5 Noise

AminoScribe models amplitude-domain noise using experimental high-frequency cur-
rent fluctuations. This noise is assumed to be happening at the signal level, not the
sequence level. When generating noisy signals, amplitude noise is added after time
warping and before optional filtering and downsampling. This ensures realistic signal

variability and prevents the time warping of noise residuals.

A.5.1 Learning the Noise Profile

An experimental squiggle contains both valuable signal information as well as high
frequency noise components. Often, in a nanopore analysis pipeline, a squiggle will
be low pass filtered down to a cleaner signal of only low frequency components. In
my case, noise values were extracted by using high-pass filtering with subtraction
(residual analysis). A high pass Bessel filter was chosen to mirror the lab’s filtering

pipeline.

A.5.2  Applying Noise in AminoScribe

Each data point in the warped squiggle is perturbed by sampling from a weighted
distribution of residuals. This noise model assumes independence across timepoints,
which is a simplification, but offers a performant first-order approximation. This could
be improved by coloring the noise (passing the sampled white noise back through the

high pass filter to ensure that the applied noise has the intended frequency range).
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Figure A.1: A set of experimental squiggle snippets is compared to a simulated version
of the set. Plot shows an overlay of all simulated (orange) or experimental (blue) squiggles
used in this validation.
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Figure A.2: The AminoScribe model was verified by comparing three squiggle features:
Length, DTW distances, and current level values.

A.6 Model Verification

A.6.1 Squiggle Length

To check the accuracy of the time warping step of AminoScribe I compared histograms
of the lengths of the experimental dataset and the lengths of a simulated version of
the same sequences. The canonical model produces a signal that’s always the length
of the sequence minus 19 (due to the size 20 window), but the time warping stage
of AminoScribe is stochastic and depends on the sampled step sizes and durations,

yielding a variety of lengths for even the same input sequence.
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The length histograms correlate very well, indicating that the time warping ap-
proach generates realistic squiggle lengths, giving us confidence in our algorithm of

picking independent random samples from empirical observations.

A.6.2 Current Levels

To assess how well the canonical model as well as the applied amplitude noise are
performing I took every data point from every experimental squiggle and plotted
them as a histogram. I took a simulated version of each experimental trace and did
the same, with the distributions showing very similar shapes.

This means that purely in terms of the current values that the simulation is re-
porting, it’s behaving realistically. This tests both the time warping, which increases
the number of data points observed during particularly long plateaus, as well as the

noise model, which softens the harsh boundaries realistically.

A.6.3 DTW Alignment Scores

When you use DTW to align two signals, it reports a normalized distance metric
that indicates how similar the two signals are after time warping. In the context of
squiggles, a low distance indicates that the squiggles have similar underlying shapes.

The squiggles produced by the simulations would ideally have a similar distance
score when compared back to the idealized template as an experimental trace would.
In the later Monte Carlo simulation workflow we take a squiggle and look up a closest
match based on this distance metric, so the closer these distributions are the more
confidently we can draw conclusions when using simulated squiggles to represent ex-
perimental results.

Distributions match quite well, with the model performing very slightly better.
This means the simulated squiggles appear to match their canonical shape at the same

level as experimental squiggles. It’s important to match and not dramatically improve
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the distribution here-AminoScribe seeks to represent reality rather than improve on

metrics.
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Appendix B
DTWHIZ

DTWhiz is a GPU-accelerated implementation of the dynamic time warping (DTW)
program designed for global alignments. DTWhiz takes a single query signal and per-
forms global DTW alignments against a set of reference signals, returning alignment
scores.

Dynamic time warping is a signal processing algorithm that can compare two sig-
nals with inconsistent time domain cadences. DTW is an invaluable tool in process-
ing nanopore signals, since the translocating molecules have variable speeds. When
comparing squiggles we don’t want to penalize any speed-ups or stalls—the signal
comparison must allow for insertions and deletions of signal values. DTW gives us a
principled way to compare these signals, and returns a score that represents the sim-
ilarity of two signals, with a lower score indicating the two signals are more similar
in shape.

DTWhiz source code is publicly available at https://github.com/uwmisl/dtwhiz

under the Apache License, Version 2.0.

B.1 DMotivation

The Monte Carlo simulated test of SquiggleMatch requires DTW alignments between
all simulated trial squiggles and all canonical squiggles. With nearly one million
comparisons required for a full proteome coverage simulation, existing CPU-based
DTW implementations become a major bottleneck, so we turned to an accelerated,

GPU-based approach.

To benchmark performance we tested a SquiggleMatch run, which compares a


https://github.com/uwmisl/dtwhiz
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length 2048 query to 19780 references, each of length 2048. This represents the time
to identify a single protein squiggles against our reference database. CPU performance
benchmarks were run on a dual-socket AMD EPYC system with 128 physical CPU
cores.

Running on a single core, Python implementations dtw-python|[13] and fastdtw([32]
took 0.41-0.58 hours to process our benchmarking workload, extrapolating to an esti-
mated runtime of over 46-66 years for the full Monte Carlo simulation. Parallelizing
dtw-python across 128 cores brings the runtime of a single SquiggleMatch down to a
much more tractable 27.6 seconds, but running the full depth simulation would still
take an estimated 0.87 years. Using dtaidistance[9] with its optimized C backend
and parallel execution, a SquiggleMatch takes 4.9 seconds, projecting to 7 weeks for
a full simulation.

Using our GPU implementation, the same workload completes in approximately
2.2 seconds, with the core kernel itself accounting for just under 0.20 seconds. When
scaled to the full Monte Carlo simulation, this projects to a total runtime of roughly
25 days (a 49% speedup compared to dtaidistance), while the kernel execution
alone corresponds to only 2.2 days (a 95.5% speedup). The gap highlights the im-
pact of repeated hipSetDevice calls, which dominate the non-kernel overhead in the
current setup. By batching multiple workloads per device and thereby amortizing
GPU context initialization, the effective runtime could be brought much closer to the

kernel-level performance limit.
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Method Per Protein ID Time Full Simulation Runtime
fastdtw 35 minutes 66 years
dtw-python (single core) 24 minutes 46 years
dtw-python (128 cores) 27 seconds 11 weeks
dtaidistance (128 cores) 5 seconds 7 weeks
DTWhiz (end-to-end) 2.2 seconds 25 days
DTWhiz (kernel execution) 0.2 seconds 2.2 days

B.2 Parallelizing DTW with Wavefront Propagation

Dynamic Time Warping (DTW) is an algorithm for measuring similarity between
two temporal sequences which may vary in speed or length. Unlike standard distance
metrics, DTW allows flexible alignment by warping the time axis, effectively stretch-
ing or compressing sections of sequences to find an optimal match. Given a query
Q = [q1,9,.-.,q,) and reference R = [ry,79,...,7,], DTW computes a n x m cost
matrix DTW Score, where each element DTW Score(i, j) represents the cumulative
cost of aligning ¢; ...¢; with 7 ...7;. The optimal alignment is obtained by mini-
mizing the total cumulative distance along a warping path from DTW Score(1,1) to
DTW Score(n,m) and requires O(nm) time complexity.

Matrix computations like this—filling a matrix along diagonals—can be paral-
lelized using a wavefront propagation algorithm. Each thread is assigned a column
(or a range of columns) and waits until the diagonal wavefront reaches its assigned
position. When a thread computes a cell DT'W Score(i, j), the neighboring cells
DTW Score(i — 1,7), DTW Score(i,j — 1), and DTW Score(i — 1,j — 1) are already
available. The top and top-left cells are maintained locally from previous computa-
tions, while the left cell can be retrieved from the preceding thread using a shuffle

up intrinsic, minimizing inter-thread communication.

Since we work with a finite number of threads (32 on NVIDIA, 64 on AMD), this
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Algorithm 1 Dynamic Time Warping

1: Initialize DTW Score(0,0) = 0, and DTW Score(i,0) = DTW Score(0,j) = oo

fori,7 >0

2: for:=1ton do

3 for j =1tom do

4 cost = ||lz; — y;]?

5 DTW Score(i, j) = cost + min (
6: DTW Score(i —1,7), // insertion
7
8

DTW Score(i,j—1), // deletion

: DTW Score(i— 1,5 — 1)) // match
9: end for
10: end for

11: return DTW Score(n, m)

can only fill in a submatrix with width equal to the number of threads. This algorithm
can be extended to larger matrices with two strategies. Instead of giving exactly one
column to each thread, threads can be in charge of a contiguous range of columns,
computing a subsection of a row at a time. Alternately, we can tile the matrix into
submatrices that are computed sequentially, with boundary results saved and stored
for subsequent submatrix calculations. DTWhiz implements both strategies, with

configurable values to allow for performance tuning.
B.3 DTWhiz Features

DTWhiz is developed as an extension of DTWax[27, 28], itself an extension of cuDTW[30].
DTWax was designed for local alignment and is coupled to NVIDIA GPUs via a
CUDA dependency. DTWhiz introduces the following improvements.

B.3.1 Global Alignment

DTWhiz performs full-sequence dynamic time warping, enabling end-to-end compar-
isons rather than local matching. This is uncommon in the sequence or squiggle

alignment space, where many applications focus on subsequence alignments. Our
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goal is to align an entire squiggle to a potential match shape—rather than asking
“does this shape appear anywhere in the squiggle?” we ask “does this shape match
the overall shape of the squiggle?”

Global alignment is enforced by treating the top and left boundaries as contain-
ing co. This prevents cells in the top row from aligning from above or diagonally as
the only valid move is from the left neighbor. Similarly, infinity values on the left
enforce that paths must come from above, not from the left or top-left. To ensure
alignment at the ends of the signals, we take the score in the bottom-right cell, which

corresponds to the final points of each signal.

B.3.2  Platform Portability

The codebase was HIPified, allowing DTWhiz to run on NVIDIA and AMD GPUs,

increasing accessibility and hardware flexibility.

B.3.8 Test Suite

DTWhiz includes a comprehensive test suite that generates input data and verifies
results against dtw-python as a ground truth. A large set of tests uses only the align-
ment scores produced by production DTWhiz builds, while a smaller, more detailed
subset runs in debug mode to recover and verify the full alignment score matrix. The
test harness is implemented in Python and can be configured to run custom tests or

a selected subset of the provided cases.

B.3.4 Alignment Score Matriz Recovery and Visualization

DTWhiz returns only the final alignment score, DT'W Score(n,m). The alignment
score matrix is intentionally not kept in memory for performance and tractability
(large workloads cannot fit the alignment matrices in memory at all). But while

debugging during development, knowing only that the final answer is wrong doesn’t
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point to what is going wrong. To see where implementation errors are happening
we must recover the full alignment score matrix and compare element-wise to the
expected values.

To that end, we added DEBUG directives that allow the code to optionally run in a
mode which collects the full score matrix in memory and transfers the results back to
the host at the end of the computation. The #ifdef DEBUG construct gates a separate
debug pathway that allocates memory for the full score matrix, without affecting the
behavior of production builds.

Once the alignment score matrix is recovered it is compared to a ground truth
score matrix, computed with the dtw-python [13] module. Differences between the
DTWhiz reported alignment matrix and the ground truth matrix can be plotted
visually, highlighting error locations and propagation.

We observed occasional alignment score discrepancies when running on large float
arrays. These differences were intermittent, and true/false plots revealed no systemic
patterns. The DTWhiz kernel uses 32-bit floats, while our ground truth calculations
employ a Python library with 64-bit floats. We hypothesized that the discrepancies
arose from floating-point precision differences. To investigate, we developed a matrix
visualization tool that generates a heatmap of the cell-wise value differences rather
than a binary true/false plot. This revealed how precision differences propagate across
the matrix. For our use case, input arrays are small and noisy enough that the
precision loss is negligible, but users should be aware of this effect if 64-bit precision
is required.

The alignment matrix is divided into submatrices that are filled iteratively, with
careful saving and reading of boundary results. We discovered a subtle bug affecting
the top-left diagonal element at the border: this value was not being saved like other
boundary data. As a result, interior submatrices occasionally treated it as if it were
infinite, producing errors when the optimal alignment passes through this missing

diagonal.
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(b) Floating point error propagation
(a) Tracing errors across the alignment matrix —
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Figure B.1: (a) Differences between the DTWhiz reported alignment matrix and the
ground truth matrix can be visualized, highlighting error locations and propagation. In this
case, errors were caused by a diagonal border element. Small errors in the top left of matrix
tiles appear like a dot grid. For most tiles the error corrected itself because the algorithm
found better alternate paths. However, in this example, an error propagated through the
entire computation and resulted in an incorrect final alignment score. (b) DTWhiz uses
32-bit floats, while most Python and many C implementations use 64-bit floats. Floating
point errors propagate across the alignment matrix. (c¢) Wavefront propagation computes
the DTW alignment matrix in parallel along moving anti-diagonals. Large matrices are
divided into tiles, and boundary information is stored between tiles. To conserve memory,
the alignment score matrix is not stored—only the moving wavefront is retained and prior
calculations are discarded. Similarly, the stored boundary row and column results are kept
only until needed, as shown by the elements returning to the completed state.

To correctly allow alignment paths across tiling diagonals, the top-left diagonal
value must be explicitly saved. Since the alignment matrix is not otherwise recorded,
we must be intentional about when and where this value is stored. During execution,
the value is used by the previous submatrix as the “top” for its last column. The last
thread in the submatrix writes this value to memory, and because it will immediately
be consumed by the next submatrix, only a single float32 is needed to track it.
Memory for the full distance score is already allocated once the matrix computation
is complete, so we could reuse that variable—effectively recording the final DTW

alignment score for each submatrix without additional memory overhead.
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B.4 Performance Profiling

To evaluate and optimize the performance of DTWhiz, we profiled a sample workload
that aligns a set of 19780 canonical squiggles padded to length 2048 to a noisy squiggle
that was padded to length 2048. This is the lower end of typical workloads, which
vary between lengths 1024 and 4096.

Performance tests ran on AMD Instinct™ MI210 Accelerators. These GPUs have
up to 22.6 TFLOPs of peak single-precision performance and 1.6 TB/s of memory
bandwidth. We were able to reach 1.87 TFLOPs and found we have a ~91 FLOPs/byte

arithmetic intensity, indicating DTWhiz is compute bound.

B.4.1 TFLOPs

To benchmark the TFLOPs we estimated the FLOP count analytically and then
cross-checked it using ROCm’s rocprof profiler.
At the heart of DTWhiz is a fused multiply-add (FMA)-based score function, used

to populate each cell of the alignment matrix:
fma(fma(r - q, r - q, 0), 1, min(left, min(top, diag)))

Here, fma(a, b, c) computes (a X b) + ¢ as a single fused operation, reducing
rounding error and improving performance.

At first glance, this expression appears to involve six floating-point operations
per matrix cell: two subtractions, two multiplications, and two additions (following
the industry standard of counting a fma as two operations, and not including the
min() operations). For a typical workload involving 19,780 arrays of length 2048
each being aligned against a length 2048 array, DTWhiz must compute approximately
83 billion matrix cells. Based on the naive 6-ops-per-cell assumption, we initially
estimated a workload of nearly 498 billion floating-point operations, and a throughput

of approximately 2.55 TFLOPs given a 195 ms runtime.
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However, when we validated this using AMD’s rocprof profiler, we encountered
a surprising discrepancy: the profiler reported only 365 billion operations. Digging
deeper, we realized the compiler was further optimizing this expression. The outer
fma(a, 1, b) simplifies to a single addition, and the subtraction (r - q) is reused
within the inner FMA. As a result, the actual operation count drops to roughly four
FLOPs per cell, reducing the expected total to about 332 billion—mnearly matching
the profiler’s report. This brought the sustained throughput to 1.87 TFLOPs for
our workload of 19780 signals of length 2048 compared to a signal of length 2048,
19780 x 2048 x 2048 = almost 83 billion matrix elements.

B.4.2  Arithmetic Intensity

We also computed the arithmetic intensity — the number of FLOPs per byte of data
moved — as a way to understand the bottlenecks. For this workload, arithmetic
intensity was estimated at around 91 FLOPs/byte, vastly exceeding the hardware’s
roofline of 14.1 FLOPs/byte. This indicates that DTWhiz is strongly compute-bound,
not memory-bound. This is expected as the number of operations scales quadratically

with the signal lengths.

B.4.3 VALU and Occupancy

Additional profiling uncovered high vector arithmetic logic unit (VALU) utilization
(95.6%) indicating compute saturation. But occupancy — the proportion of com-
pute units (CUs) actively engaged — was moderate, around 68%. When threads are
engaged they are fully utilizing the VALU, but not all available threads are being
used.

Wavefront propagation has to ramp up to full occupancy by filling in the initial
corner triangle of the matrix—in cycle 1 only thread 0 is doing work, in cycle 2 there
are two threads active, etc. The same is true of the final bottom right corner triangle.

When filling in these regions we get only about 50% occupancy. In the data setup
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we’re using, the matrix is divided into two tiles, with the startup and cooldown trian-
gles occupying a significant portion of the total computation. All threads are active
for a central diagonal band across the matrix tiles, bringing expected occupancy to
(50%+100%+50%) /3 = 67%, as observed. The impact of the wavefront propagation
triangle corners can be mitigated with narrower tiles, which directly reduce the size of
the triangles and push to full occupancy faster. The tradeoff is that more tiles means

more data reads and writes as tile boundaries are stored and retrieved.

B.4.4 The Kernel in Context: The Cost of hipSetDevice

The DTWhiz kernel itself executes extremely quickly once running on the GPU.
However, the end-to-end runtime of a single workload is dominated not by the kernel,
but by GPU setup overhead. In our measurements, the total runtime per work-
load is about 2.2 seconds, with the majority of that time attributable to the call to
hipSetDevice. This call initializes the GPU context and effectively “wakes up” the
device. Since each DTWhiz workload is dispatched independently, each incurs this
startup penalty.

This distinction between kernel execution time and program runtime is important:
while the kernel demonstrates high efficiency, the apparent performance is limited by
GPU context initialization. In practice, batching multiple workloads into a single
invocation would amortize the cost of hipSetDevice across the batch, substantially
reducing the per-workload runtime. For this reason, we report both kernel perfor-
mance (to highlight algorithmic efficiency) and end-to-end runtime (to reflect current
usage patterns), and note that the latter can be improved with standard batching

techniques.
B.5 Future Work

While DTWhiz already provides substantial GPU acceleration, future work could ex-

plore systematic tuning of kernel launch parameters, wavefront tile sizes, and batching
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strategies to further reduce end-to-end runtime. Such refinements would make large-
scale Monte Carlo proteome simulations more tractable and enable rapid nanopore

squiggle analysis in high-throughput applications.
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Appendix C
SIMULATION PIPELINE

C.1 SquiggleMatch: Efficient Matching Engine

The SquiggleMatch pipeline integrates the AminoScribe signal simulator and the
DTWhiz GPU-accelerated kernel to simulate protein identification at the squiggle
level. The core idea is to compare a squiggle simulated by AminoScribe to a set
of canonical squiggle shapes and identify the most likely match using global DTW

alignment scores.

C.1.1 Inputs
The Canonical Squiggle Set

A set of reference squiggle shapes was built using AminoScribe in canonical mode.
This set contains a squiggle for each protein sequence retrieved from UniProt Homo
sapiens proteome reference dataset UP000005640, provided the sequences didn’t con-
tain an X (unknown amino acid) or U (selenocysteine), and weren’t too long to fit into
our padded length. This reduces the original 20,647 reference sequences to 19,772.
An N-terminal tag and a C-terminal normalization tag were appended. From this se-
quence a canonical squiggle was generated and used when trying to match unknown

squiggles.

Stmulated Unknown Squiggle

To emulate experimental squiggles, AminoScribe can be configured to apply stochastic

behaviors, including amino acid impact score variance, time warping, and signal noise.
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These protein sequences have the same leader and normalization tags appended to

match reference conditions.

C.1.2 Output

Given a single noisy squiggle, SquiggleMatch uses DTWhiz to compute a global DTW
distance between the query and each reference squiggle. Each alignment produces a
distance score, and the reference protein with the lowest score is taken as the predicted

identity. All scores are retained for downstream analysis.

C.1.83 Implementation Details

The pipeline is implemented in Python, using AminoScribe and calling DTWhiz via
the subprocess module. Reference squiggles are stored in binary format for efficient

1/0.
C.2 Simulation Methodology

A Monte Carlo simulation framework was developed to evaluate SquiggleMatch un-
der simulated experimental conditions. Each protein was simulated 50 times using
AminoScribe with stochastic variation, and aligned using DTWhiz to the canonical

database.

C.2.1 High Throughput Framework

A script, process_protein.py, uses SquiggleMatch to generate 50 squiggles for a
particular protein. It then uses DTWhiz to align each squiggle against the reference
proteome. Instances of this script launched via process many proteins.sh, capped
at 16 concurrent jobs across four GPUs. A top level Python script submits one
SLURM job per batch of 1024 proteins. The proteome is split into 20 files, each

running for 3-4 hours.
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C.2.2 Data Batching

All squiggles are padded to a uniform length (e.g., 2048), using high constant values
to avoid score bias. Padding is also applied to noisy squiggles. Each squiggle must

include at least one padding value.

C.2.3 Dustributed, Safe, and Efficient Building

DTWhiz requires query and reference lengths to be specified at compile time. To avoid
pre-building numerous executables and to prevent corrupted builds when multiple
processes compile concurrently, we developed a build wrapper. The wrapper first
checks for an existing executable; if none is found, it waits to acquire a lockfile.
Once the lock is obtained, it writes data_dims.h and builds DTWhiz. The resulting
executable is memoized in a shared directory, after which the lock is released. This

approach ensures safe, concurrent building while minimizing redundant compilation.
C.3 Results Storage and Format

Each lookup produces 19780 DTW alignment scores, each a float32. Results are
stored in Apache Parquet format, partitioned by protein_id. Each job writes to its
own subfolder, avoiding the need for file locking. Results can also be streamed and
queried without fully loading into memory. Raw squiggles are discarded, but seeds

and metadata are retained.
C.4 Low Noise Regime

AminoScribe was run with no time warping or noise. Only sequence-level differences
contributed. The reference database used two batches (padded to 1024 and 2048)
with pad_value=5. A few proteins had squiggle values above 5, but post-experiment

checks confirmed no impact on alignments.
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C.5 High Noise Regime

All stochastic features were enabled. Squiggles were filtered and downsampled by 20x.
DTWhiz was run with a single reference batch (padded to 2048 with pad_value=50).
Proteins with long sequences were excluded. This configuration captured the full

modeled variability and serves as the benchmark dataset for classifier evaluation.
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