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Nanopore Sequencing

Nanopore Sequencing: a widely used technology

e Can sequence large nucleic acid molecules (>2Mbp)
e Offers high throughput

e Cost-effective

e Small, portable devices
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Nanopore Sequencing Reads Long Strands of DNA
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A Common Genome Analysis Pipeline
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Raw Signal Analyses Do Not Require Basecalling
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Raw Signal Analyses Do Not Require Basecalling

Challenge: noisy signals

~
Raw Downstream
Signals . _ Analysis
Raw Signal Analysis
WA * Real-time analysis %
* Less computational resources — ——
* Complements basecalling
Read Mapping Modification Detection Read Classification
e RawHash [ISMB/ECCB ‘23] * Remora [ONT ‘22] ° RaWMap [Arch. Clin. Biomed. Res. '23]
e RawHash?2 [Bioinformatics 24]  Uncalled4 [Nat. Methods ‘25] e SquiggleNet [Genome biol. "21]
* Sigmap [ISMB/ECCB 21] * DeepMod2 [Nat Commun.’24] e SPUMONI 2 [Genome Biol. ‘24]
* UNCALLED [Nat Biotechnol ‘20] * SegPore [elife ‘25] * Sigmoni [ISMB "24]
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Segmenting Raw Signals Combats Noise

* Individual signal measurements are noisy
* Multiple measurements are taken for each k-mer
* Oversegmentation, undersegmentation, and noise can distort events

Event

)
(=
()
—
=
=)
o

@/‘ { | { {

| -03| [179| [-0.03] | 0.48 |

k many
nucleotides Event Values

STORM



Segmenting Raw Signals Combats Noise

* Individual signal measurements are noisy
* Multiple measurements are taken for each k-mer
* Oversegmentation, undersegmentation, and noise can distort events
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Segmenting Raw Signals Combats Noise

* Individual signal measurements are noisy
* Multiple measurements are taken for each k-mer
* Oversegmentation, undersegmentation, and noise can distort events
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Executive Summary

Problem:
Noise and signhal processing errors reduce the accuracy of raw signal analyses

é N\
Goal:
Detect and correct errors in raw signal data
. J
o R
Key Contributions:
1) CRANE - the first sophisticated mechanism for removing errors in raw signals
\2) Framework which can optimize CRANE for various signal analysis pipelines y
4 w
Key Results: CRANE consistently increases SOTA read mapping F1 score by up to 11% while
accounting for less than 1% of total runtime for large genomes
. J
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Existing Error Correction Methods Are Heutristic

Homopolymer Compression

DNA Sequence

Nanopore Events

Homopolymer Compression
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Existing Error Correction Methods Are Heutristic

DNA Sequence Nanopore Events
Homopolymer Compression ‘ Homopolymer Compression

How can we quickly and accurately correct errors

in raw nanopore events?

=[]

| 1.99 |

STORM | 12



HMMs Model Unobservable Processes
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HMMs Can Model Nanopores

STORM

N (u,0)
©
. . Observations:
: Measured current
@

Hidden State:
k-mer inside pore

| 0.43 [[-1.56 || -0.48 |[ 1.01 || 0.78 [[-0.23 ][ -0.78 || 1.56 || 0.50 |
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Key Idea: Train An HMM To Model A Nanopore

Synthetic DNA Sequence

| .AcGATTATCGACTA... |
|

DNA-to-Event Conversion

|

| 043 ||-156]|-048]

Initial Gaussian HMM

y

>[ Baum-Welch Training }
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CRANE Can Be Tuned For Any Raw Signal Pipeline

A parameter search is performed over:

* P(stay)
* P(skip)

Training Dataset
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CRANE Efrror Correction
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CRANE Error Correction

Viterbi
Algorithm

Raw Signals
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CRANE Merges Duplicate Events

* Segmentation algorithms may oversegment the signal

Events

| 0.45 \

|-152]

| -0.45 |

Viterbi

Viterbi Path

5

2

| -0.47 |

| 1.20 |

| 1.99 |

STORM

Merge
Events

,
>
\

N
y

Merged
Events

\ 0.45 |

|-152

U -0.46 “

| 1.20 |

| 1.99 |

Noise
Reduction

20



CRANE Reduces Noise In The Raw Signal

* CRANE can detect background noise which spans multiple events

Merged State Emission
Events Viterbi Path Means

‘ 0.45 ‘ | 5 | | 0.44 |
|-152 | 2 | |-1.54

| -0.46 | | 3 | J]-052]
[120] | 4 | | 1.21 |

‘ 1.99 ‘ ‘ 1 ‘ ‘ 1.98 ‘
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CRANE Reduces Noise In The Raw Signal

* CRANE can detect background noise which spans multiple events

Merged State Emission Windowed
Events Means Differences Average
| 0.45 \ \ 0.44 \ | 0.01 | \ — |
|-1.52] |-1.54 | | 0.02 | | 0.03 |
[-046]| —ommmmm []-052|| === ([0.06| | 0.02 |
| 1.20 | | 1.21 | |-0.01 | 0.02 |
| 1.99 | | 1.98 | [0.01 ] ]
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CRANE Reduces Noise In The Raw Signal

* CRANE can detect background noise which spans multiple events

Merged Windowed Corrected
Events Average Events

| 0.45 \ \ \ \ 0.45 \
|-1.52] | 0.03 | |-1.55 |
| -0.46 | mmm 002 || == |[-0.48]
| 1.20 | | 0.02 | | 1.18 |
| 1.99 | | — | | 1.99 |
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We Evaluate Our Approach Using RawHash2

e RawHash2 is a raw signal read-mapping tool

Raw Signal
v v | v
Segmentation Segmentation I Basecalling
¥ :
CRANE |
|
V |
RawHash?2 RawHash?2 I minimap2
|
v 4 | v
Baseline Corrected : Ground Truth
Read Mappings Read Mappings I Read Mappings
|
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Datasets

* Training Datasets

* De Bruijn sequence of all 11-mers
« DO-12,000 E. coli reads to find P(stay), P(skip)

* Evaluation Datasets
e D1-10,000E. coli reads
e D2-10,000 Fruit Fly reads
e D3-10,000 Human reads

Organism Chemistry Flow Cell Reads Avg. Length
D0 E. coli CFT073 R10.4.1e8.2 FLO-MIN114 12,000 794
D1 E coli CFI073 R10.4.1e8.2 FLO-MIN114 10,000 764
D2 D. melanogaster R10.4.1 e8.2 FLO-MIN114 10,000 5,998
D3  H. sapiens (HG002) R10.4.1e8.2 FLO-PRO114M 10,000 16,943
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Evaluation Methodology

We evaluate CRANE’s impact on RawHash2’s read-mapping F1 score:

® Across three segmentation algorithms
o Scrappie (R9.4)
o Scrappie (R10.4.1)
o Campolina (ML-based)

e With and without an existing error correction mechanism
o Homopolymer Compression (HPC)

STORM
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1.0

Accuracy Results - RawHash2 Read-mapping w/o0 HPC

0.821 0.810

0.8 0.726

0.652

0.611

0.6

E. coli
F1l Score

CRANE improves state of the art |

read mapping F1 score by
up to 11%

Fruit Fly
F1l Score

0.856 0.853

Human
F1l Score

0.001 w
Scrappie (R9.4) | Scrappie (R10.4.1) Campolina

[ CRANE corrected I Uncorrected

STORM



Accuracy Results - RawHash2 Read-mapping w/o0 HPC
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Accuracy Results - RawHash2 Read-mapping w/o0 HPC
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Accuracy Results - RawHash2 Read-mapp

CRANE consistently improves
the F1 score of RawHash2,
with and without HPC
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Runtime Results - CRANE + RawHash2 w/o0 HPC

E. coli
(ms / read)
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For larger genomes,
CRANE adds a small total runtime
increase (<1.12x)
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Runtime Results - CRANE + RawHash2 w/ HPC
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More in the Paper

 Extended Results
* Full Parameter Sweep Results
* Error Correction Type Ablations
* Runtime Breakdowns

* Implementation Details
 Modifications to Baum-Welch & Viterbi Algorithms
e HMM Initialization

e And more...

STORM
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Source Code

* Easily reproduce results
* Train your own HMMs
* Parameter search scripts

STORM
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CRANE is an HMM-based tool to
correct raw nanopore signal events. To
do this, it 1) Trains an HMM on
synthetic and experimental nanopore
event data and 2) uses the Viterbi
algorithm and the learned HMM to
correct novel signals. Detailed
information on the CRANE tool can be
found here:

https://arxiv.org/abs/2603.20420

@ arxiv.org/abs/2603.20420
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Conclusion

~
Key Contributions:
1) CRANE - the first sophisticated mechanism for removing errors in raw signals
2) Framework which can optimize CRANE for various signal analysis pipelines )
-
Key Results:
CRANE consistently increases SOTA read mapping F1 score by up to 11% while accounting
for less than 1% of total runtime for large genomes
. v,
4 )
Future Work:
Raw signal error correction is a heavily underexplored area. Sophisticated error correction
methods may shape the landscape of raw signal analysis in the near future.
U /
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DNA-to-Event Conversion

Synthetic DNA Sequence

[ ...ACGATTATCGACTA... ]

Expected Expected
1 Signal Values Event Values
~ [ (AccaTaTc] - ——]115.16 — —{ 0.43 |
o | [ceaTTATCG }—"t ,\;g;eel ——{ 91.28 |— —! -1.56 |
= ¢ Normali
é | caTTATCGA }—r (#‘;‘;'r:)p ——1104.24 |— T —]-0.48 |
=|  [arTATCGAC }— —]122.84 — —s! 1.07 |
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All k-mers Have An Expected Signal Value

e R10 Nanoporeis ~9 bases long
e The 9 bases in the pore all affect
the current

nanopore
protein

©

current

@ m>mbra ne

STORM

d TAGCTTGGT | |

| k-mer | | Current |
| AaannnaA | | 18745 |
| Aaaaanac | | 17144 |
| AnaanAAG | | -18260 |
| AaaaaAAT | | 17254 |
| | | |
| TAGcTTGGA | | 02833 |
| TaccTtGGe | | 03243 |
| TaAceTtGee | | 03879 |
0.3023
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Runtime Results - CRANE + RawHash2 w/o0 HPC

STORM

Segmenter E. Coli Fruit Fly Human
scrappieR9 43.79% 1.22% 0.77%
scrappieR10 31.73% 1.28% 0.53%
Campolina 22.95% 0.75% 0.40%
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Runtime Results - CRANE + RawHash2 w/ HPC

STORM

Segmenter E. Coli Fruit Fly Human
scrappieR9 2.10% 0.14% 0.11%
scrappieR10 1.75% 0.08% 0.09%
Campolina 1.43% 0.05% 0.05%
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Future Uses For NEMO HMMs

STORM

HMM guided segmentation

Align signals based on Viterbi path through
the HMM

Larger HMMs could correct more complex
errors

Apply error-corrected signals in other RSA

tools
Multiple signal alignment (MSA) applications

Current (A)
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Homopolymer Compression Reduces Search Space

Query
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Correcting More Complex Errors is Difficult

Ground Truth Segmentation
Skip Errors Events Errors
1.45 1.45
;g; 0.6/ 0.67
0 03 0.03 0.03
_9.54 Missing -0.54 -0.54
1 .28 ¢ 2.42 Over-segmented 2.42
1 1.28 | 1.00
0 32 -1.43 1.46
0. 44 0.32 -1.43
0.44 0.32
0.44
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Training HMMs On Synthetic Data

Generation:
® Begin with some number of states

o Ex: 128
® Transitions
o Fully connected
o (No self-transitions)

o Uniform distribution
® Emissions
O @Gaussian
o Mean and standard dev. found by

fitting a GMM to all k-mers

STORM
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