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Long-read sequencing has great promise in enabling portable, rapid molecular-assisted di-

agnoses. Applications of long-read sequencing include improved prognosis of critically ill

patients through variant detection along with rapid genetic diagnoses. A key challenge in

democratizing long-read sequencing technology in the biomedical and clinical community is

the lack of graphical bioinformatics software tools which can efficiently process the raw data,

support graphical output and interactive visualizations for interpretations of results. Another

obstacle is that high performance software tools for long-read sequencing data analyses of-

ten leverage graphics processing units (GPU), which is challenging and time-consuming to

configure, especially on the cloud.

Many solutions can be explored in long-read sequencing including the addition of graph-

ical bioinformatics software tools, hardware acceleration such as Graphics Processing Units

(GPUs), or optimization with Tensor Processing Units (TPUs). Long-read sequencing work-

flows for diagnosis involve several steps that can be hardware-accelerated and optimized using

various processing methods. Optimizing long-read sequencing workflows through hardware-

acceleration can reduce turnaround times of diagnoses from days to hours. Our goal is to

create and optimize long-read sequencing workflows to build rapid, cost-effective solutions

for cancer detection and diagnosis on the cloud.

This thesis introduces two containerized, hardware-accelerated long-read sequencing anal-



ysis workflows for fusion analysis and variant-calling. The fusion analysis workflow intro-

duces a fusion finding tool – the Biodepot Fusion Finder (BFF) – capable of rapidly detecting

fusions and calculating sample enrichment. This fusion workflow is benchmarked for accu-

racy and compared to the fusion finding software LongGF on cell-line and patient samples

of nanopore data. The variant-calling workflow uses PEPPER-Margin-Deepvariant to call

structural variants in a cloud-based GPU-enabled environment. This workflow is bench-

marked for accuracy between GPU and CPU versions of the variant-calling software for

better visibility in which specific stages of the pipeline benefit from hardware acceleration.
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Chapter 1

INTRODUCTION

1.1 Background

Advances in molecular diagnosis have enabled detection of specific driver mutations that can

be essential for prognosis, monitoring, and targeted therapy [15, 31, 30]. Examples of such

“precision medicine” include the BCR-ABL fusion gene in chronic myeloid leukemia (CML),

PML-RARA fusions in acute promyelocytic leukemia (APL) and FLT3 mutations in acute

myeloid leukemia (AML) [20, 12, 16, 6]. Potentially targetable mutations are also found

in solid tumors, such as renal cell carcinoma [29, 26, 17]. To capitalize on the potential of

precision medicine, accelerated analysis of sequencing data is needed to improve the poten-

tial of molecular-assisted cancer diagnoses [27]. We address this using long-read sequencing

technology, such as Oxford Nanopore Technologies (ONT), which generates continuous se-

quences up to a few megabases in length and can directly sequence DNA, resulting in much

shorter turnaround times than next generation sequencing (NGS) [11, 9, 7].

Computational methods and software tools tailored for long-read sequencing data are

essential to enable the use of this emerging and promising technology [24, 3]. Recurrent gene

fusions are common drivers of disease pathophysiology in leukemias. Identification of these

structural variants helps stratify disease by risk and assists with therapy choice. Current

fusion detection methods require long turnaround time (7-10 days) or advance knowledge

of the genes involved in the fusions [23]. Thus, rapid sequencing technology such as the

nanopore sequencing offered by ONT is a good fit for fusion detection and variant-calling

applications. In nanopore sequencing, electrical current alterations are recorded as different

bases traverse the pore opening. Basecalling, which translates the signal (stored as fast5

files) into a sequence of base pairs is the key step determining accuracy of the sequencing
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experiment. Basecalling is computationally expensive and a rate-limiting step in the analysis

of nanopore data. Deep learning neural network models have been applied to basecalling to

increase the accuracy [28]. With standard CPU processing, these methods are prohibitively

slow and require large numbers of computational cores operating in parallel to be practi-

cal. Graphics processing units (GPUs) can be used to accelerate the analysis but require

specialized hardware and software.

This hardware and software acceleration can be extended past the basecalling step, creat-

ing a need for optimized nanopore workflows that are easy to use and benefit from hardware-

acceleration in compute-intensive steps. After the nanopore data is basecalled, the reads are

aligned to the human genome with Minimap2 [13] and can be visualized with the Integrated

Genome Viewer (IGV) [22]. The aligned reads can then be analyzed for mutations with

fusion detection or variant calling steps depending on the types of mutations located within

the sample. The variant calling step, like basecalling, has potential to benefit greatly from

hardware-acceleration as most modern variant callers utilize deep learning models.

1.2 Contributions

In this thesis project, we aim to expand support for more nanopore workflows, optimize the

performance of these workflows, and collaborate with external sources to produce cancer

diagnostics. These contributions will be accomplished through the following tasks

• Additions of variant calling and fusion-finding software to existing nanopore workflows

in order to support a broader range of detection.

• The runtime and accuracies of existing workflows will be optimized through parameter

tuning, model selection, hardware acceleration.

• Collaboration with Fred Hutchinson Cancer Center for cancer diagnostics on patient

and cell-line data.
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Chapter 2

RELATED WORK

2.1 Existing Software Tools and Workflows

2.1.1 Basecalling: Methods and Tools

We focus on two basecalling software: Guppy and Bonito. Guppy [2] is a proprietary data

processing toolkit that contains the Oxford Nanopore Technologies’ basecalling algorithms

and several post-processing features. A selection of configuration files allows basecalling

of DNA and RNA libraries made with Oxford Nanopore Technologies’ current sequencing

kits. Guppy basecalling models are based on Recurrent Neural Networks (RNN) and benefit

greatly from GPU-acceleration. Bonito [1] is a research-grade basecaller created by ONT

that is more accessible. Bonito relies on a convolutional layer for training and inference and

could be accelerated using specialized hardware (such as GPU).

2.1.2 Variant Calling: Methods and Tools

Variant callers identify true changes in DNA sequence from a long string of noisy data. The

primary variant calling software used in this workflow is PEPPER-Margin-Deepvariant [25].

This variant caller was a top performer in the PrecisionFDA Truth Challenge V2 [5], where

variant calling pipeline performance was assessed on a common reference. This variant caller

can be split into five stages and uses three models: Recurrent neural networks (RNN), Hidden

Markov Model (HMM), and a deep convolutional neural network (CNN). The RNN and CNN

stages of this variant caller have potential to benefit greatly from GPU-acceleration, while

the CNN has further potential runtime improvements with TPU-acceleration.
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2.1.3 Preliminary Results by Reddy et al.

The effects of GPU acceleration in long-read sequencing workflows has been previously bench-

marked against traditional CPU methods. I recently published a long-read sequencing work-

flow supported by an Amazon Machine Image (AMI) with software and drivers pre-installed

for GPU computing on the cloud [21]. This paper demonstrates that computational meth-

ods and software tools tailored for long-read sequencing data are essential to enable use

of long-read sequencing workflows. Two crucial steps in traditional long-read sequencing

pipelines are supported by deep neural networks which benefit greatly from GPU hardware-

acceleration. Benchmarks from GPU and CPU workflows show a 29x speedup in GPU

computing with a 93x reduction in cloud computing costs [21]. This preliminary workflow is

shown in Figure 2.1.

2.2 Applications of Long-Read Sequencing Workflows

2.2.1 Structural Variant Applications by Amarasinghe et al.

Amarasinghe et al. explore the variety of long-read sequencing tools available and detail their

applications in detecting structural variants. Short reads perform well for identifying single

nucleotide variants (SNVs) and small insertion and deletions (indels), but they are inaccurate

in detecting larger sequence changes [4]. Structural variants that affect greater than 50 base

pairs are better suited for long-read sequencing [4]. At the time of this publication’s release,

long-read structural variant callers could not be reliably assessed due to the lack of structural

variants in the benchmark data sets. This problem has since been resolved with the rapid

development of long-read sequencing technologies and variant callers.

2.2.2 Clinical Diagnosis in a Critical Care Setting by Gorzynski et al.

In the correspondence Ultrarapid Nanopore Genome Sequencing in a Critical Care Setting

recently published in the prestigious New England Journal of Medicine, Gorzynski et al.

demonstrate the applications of long-read sequencing workflows in prognosis improvement,
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Figure 2.1: Screenshots of our interactive GPU workflow which uses the Biodepot-workflow-

builder platform. Panel A is a screenshot of the workflow using the open-source Bonito

basecaller. Panel B is a screenshot of the workflow using the proprietary Guppy basecaller.

Both basecallers use GPUs.
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rapid diagnosis, and cost reduction for critically ill patients. A long-read sequencing workflow

is showcased and advertised to permit clinical diagnosis within 8 hours of sample collection.

The major optimization made in this correspondence that is relevant to this thesis is the

real-time basecalling and alignment structure of the workflow that runs several steps of the

pipeline in parallel [8].

2.3 Comparison

Reddy et al. and Gorzynski et al. demonstrate the potential offered by long-read sequencing

in producing rapid, molecular-assisted diagnoses. Efficient workflows are constructed by both

groups with the goal of reducing turnaround time to hours for same-day diagnosis. Reddy

et al. provide a GPU-accelerated implementation with a focus on reduction in runtime

during the basecalling step. Gorzynski et al. offer runtime optimizations with parallel

execution of certain steps in the workflow and a more robust example with the inclusion of a

GPU-accelerated variant calling step. Aspects of both implementations can be combined to

achieve a further optimized nanopore sequencing workflow. Basecalling and variant calling

steps can also be optimized with the introduction of hardware-acceleration targeted towards

deep learning compute-intensive steps.
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Chapter 3

EXPERIMENT DESIGN

3.1 Overview

Our goal is to create efficient nanopore sequencing workflows optimized with hardware-

acceleration that support variant calling and fusion detection applications. Optimization

of these workflows are done through benchmarking individual compute-intensive steps with

differing hardware, software, and adjustable hyperparameters. The data used for testing and

comparison in this experiment has been provided by Dr. Cecilia Yeung, Dr. Olga Sala-Torra,

and Dr. Jerald Radich from Fred Hutchinson Cancer Center. This data is used to measure

the overall accuracy of the workflow while also maintaining a standard for overall runtime.

3.2 Data

The datasets used in this project can be split into two major categories: patient and cell-

line. Cell-line data stems from a well-known reference of the human genome and contains

mutations widely documented by researchers. Patient data refers to data obtained directly

from patients with unique mutation locations not widely-researched or documented. Cell-line

data is easily-navigated as mutations are well-documented and a ground-truth set is known.

Patient data involves many unknowns both in number of mutations and locations.

The cell-line data used in this project contains fusion mutations between the PML and

RARA genes as well as between the BCR and ABL1 genes. Both patient and cell-line

data were provided by committee members. We can reliably detect fusion genes from DNA

sequences using cell lines (NB4, K562, ME1, and MV411) with known fusion genes. The

patient data provided covers a wider variety of fusions including BCR-ABL, PML-RARA,

CBFB-MYH11, and KMT2A-AF4.
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For variant calling benchmarks, Next-Generation Sequencing (NGS) data is used with

Deepvariant [18] and nanopore data is used with PEPPER-Margin-Deepvariant. The NGS

dataset used is the same as the HG003 test dataset provided in the PrecisionFDA Truth Chal-

lenge V2 [5]. DNA extracted from a single large batch of cells for the three genomes (son

- HG002, father – HG003, and mother - HG004) is publicly available in National Institute

of Standards and Technology Reference Materials 8391 (HG002) and 8392 (HG002-HG004).

The Genome in a Bottle Consortium selected these genomes for characterization as they are

a trio from the Personal Genome Project that has a broader consent permitting commercial

redistribution and recontacting participants for further sample collection. Chromosome 20 of

the HG003 sample was used here for benchmarking Deepvariant. The nanopore patient sam-

ple AML1 was used for benchmarking PEPPER-Margin-Deepvariant. This sample contains

a PML-RARA fusion and 5.47 Gigabases of data.

3.3 Methods

The experiments for this thesis take part in several steps. First, a baseline workflow has

been created without hardware-acceleration to serve as a standard for comparison. Next,

each compute-intensive step of the workflow has been optimized through several means: hard-

ware acceleration, hyperparameter adjustment, and model selection. Afterwards, additional

software is introduced and benchmarked for fusion detection and variant calling. Finally, the

resulting optimized workflows are containerized and packaged for simple modification and

deployment.

3.3.1 Baseline

The baseline workflow for this project will serve as a reference during benchmarking of work-

flow optimizations. This workflow contains the proprietary basecaller Guppy in the base-

calling step followed by Minimap2 [13] for alignment, and finally the Integrative Genomics

Viewer (IGV) [22] for visualization. The baseline results for basecalling are measured using

an AWS EC2 c5d18xlarge instance with 72 vCPUs, 72 threads/basecaller, and 1 basecaller.
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This is used to measure the performance of basecalling on all datasets without any additional

hardware-acceleration.

This baseline workflow will be compared to a hardware-accelerated version using an AWS

g4dn.4xlarge virtual machine instance with a NVIDIA Tesla T4 GPU. This workflow is also

benchmarked locally on a laptop with a GeForce RTX 2060 GPU. All benchmark experiments

on AWS were based on 4 runs [21].

3.3.2 Fusion Detection

The first workflow developed focuses on rapid detection of myeloid neoplasm fusions [23].

This workflow adds two widgets for fusion detection: Biodepot-Fusion-Finder [23] and LongGF

[14]. LongGF, a current state-of-the-art fusion detection tool for long-read sequencing data,

struggles to detect noisier fusions. We created the fusion finding tool Biodepot-Fusion-Finder

as an alternative for fusion detection to allow for larger gaps in fusion reads and better sup-

port of noisier data. Along with the option of fusion detection, this workflow also supports

the calculation of a sample’s enrichment through BFF, allowing users to reliably determine

the accuracy and confidence within any specific sample. Two forms of sample enrichment are

calculated: fusion and on-target. Fusion enrichment refers to the number of targeted fusion

reads that contain the breakpoints over the mean genome coverage. On-target encrichment

calculates the number of reads from the specified guide cut point to the fusion breakpoint

over the mean genome coverage.

3.3.3 Variant Calling

The second workflow focuses on a complete, haplotype-aware variant calling pipeline starting

with basecalling and ending with variant call format output. This workflow adds a widget for

the variant caller PEPPER-Margin-Deepvariant [25] to the baseline workflow. This variant

caller is tailored towards nanopore data and is trained on data produced by the latest versions

of Oxford Nanopore Technology’s proprietary basecaller Guppy.
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3.4 Benchmarking

3.4.1 Accuracy

Accuracy is the primary benchmark for the fusion detection workflow. This benchmark

focuses on the amount of fusions found within a sample between Biodepot-Fusion-Finder and

LongGF independently. Each software will be tested individually on 6 cell-line samples and

14 patient samples. More fusions detected indicates a higher accuracy for fusion detection.

The ground truth value of fusions detected for each sample has been confirmed manually

through IGV (Integrated Genomics Viewer) [22].

For each individual sample, sequencing metrics including quality scores and timestamps

are obtained from the sequencing summary text file obtained as an output of base calling

using Guppy. Detected fusions are then acquired from the Breakpoint Finder as well as

LongGF.

3.4.2 Runtime

Runtime (or execution time) serves as the primary benchmark for variant-calling. The run-

time is measured across each step of the variant-callers Deepvariant and PEPPER-Margin-

Deepvariant. The Deepvariant runtime benchmarks are used to demonstrate the potential of

GPU acceleration within the inference step of the variant-caller. These runtime benchmarks

are then extended to each individual step of PEPPER-Margin-Deepvariant, which is tailored

towards long-read sequencing nanopore data. As this focus of this thesis is cloud-enabled

analysis of long-read sequencing data, the final variant-calling workflow contains a container-

ized version of PEPPER-Margin-Deepvariant with hardware acceleration enabled. For both

the GPU and CPU benchmarks, an AWS EC2 g4dn.4xlarge instance with 16 vCPUs, 64 GiB

Memory, and a NVIDIA Tesla T4 GPU is used.
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Figure 3.1: DeepVariant Stages.

Algorithms

Deepvariant’s inference pipeline is split into three steps: candidate variant generation, variant

prediction/inference, and postprocessing. See the flowchart in Figure 3.1. Candidate variant

generation and postprocessing steps are CPU intensive and do not utilize a GPU even if one

is provided. Variant prediction is GPU intensive and can potentially be the bottleneck if

there are a large number of reads spread out over multiple chromosomes.

PEPPER-Margin-Deepvariant adds several steps to the variant calling pipeline. First,

candidate variants are generated through the PEPPER-Candidate step using a recurrent

neural network (RNN) [25]. Next, in the Margin-Phase step the candidate variants generated

by PEPPER are haplotagged using a hidden Markov Model (HMM). Deepvariant is then run

on candidate SNPs and INDELs separately. The results are finally merged into a resulting

VCF (Variant Call Format) file. These stages are summarized in Figure 3.2.

3.5 Containerization and Deployment

After constructing optimized workflows extended to include variant calling and fusion de-

tection software, the resulting long-read nanopore sequencing pipelines are containerized

and deployed using the Biodepot-workflow-builder (Bwb) [10]. This provides modular and

easy-to-use graphical interface for reproducible execution, customization and interactive vi-

sualization of the nanopore workflows.
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Figure 3.2: PEPPER-Margin-Deepvariant Stages.
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Chapter 4

RESULTS AND DISCUSSION

4.1 Basecalling Benchmarks

We observed that Guppy GPU achieved the fastest average time at 88.9 s (1.5 min) with

standard error of 1.2 s over 4 repeated measurements. Guppy CPU achieved the slowest

average time at 2551.8 s (42.5 min) with standard error of 22.4 s. The 29x speedup is

computed by comparing the average runtime (in seconds) of Guppy CPU to Guppy GPU

(2551.8/88.9=28.7) [21].

Table 4.1: Comparison of Guppy CPU and GPU.

Basecaller Cloud/Local Average Runtime (seconds) Standard Error (seconds)

Guppy CPU AWS c5d18xlarge 2551.8 22.4

Guppy GPU AWS g4dn.4xlarge 88.9 1.2

Guppy GPU Laptop 135.3 0.6

4.2 Fusion Detection

4.2.1 Sample sequencing and enrichment

Details of the sample sequencing and enrichment metrics are included in Table 4.2. A range

of 0.04 Gb – 5.47 gigabases of sequencing data was generated for each sample for an average

mean coverage of the human genome of 0.32-fold (range: 0.01 – 1.66) [23].



14

4.2.2 Comparison of fusion detection tools

A comparison of the bioinformatic workflows for data analysis using different fusion detection

widgets LongGF vs Biodepot Fusion Finder (BFF) was conducted; the specific workflow is

demonstrated in Figure 4.1.

Along with detected fusions, BFF also computes the fusion enrichment and on target

enrichment statistics; these are summarized in Table 4.2. In most cell line and primary

specimens, LongGF shows a particular challenge in the detection of BCR-ABL1 and does

not detect all fusion reads that are identified by BFF.

4.3 Variant Calling

4.3.1 Deepvariant

The runtime benchmark comparison of Deepvariant CPU and GPU shows a noticeable

speedup in the Inference step of the pipeline. This step benefits the most from GPU ac-

celeration as it utilizes large Convolutional Neural Network (CNN) models for prediction of

candidate variants. The runtime comparison between CPU and GPU is shown in Table 4.3

and Figure 4.2. Deepvariant GPU has a 2.8x speedup in the inference step and 1.5x speedup

overall.

4.3.2 PEPPER-Margin-Deepvariant

The PEPPER-Margin-Deepvariant benchmarks better display the runtime differences be-

tween CPU and GPU-accelerated versions due to the larger nanopore dataset used. The

runtime comparison between CPU and GPU is shown in Table 4.4 and Figure 4.3. Sig-

nificant runtime differences can be seen in multiple stages of this pipeline over CPU and

GPU-accelerated versions of the workflow. PEPPER-Margin-Deepvariant GPU achieves a

2.1x speedup in the PEPPER-Candidate stage, 2.8x speedup in Deepvariant’s SNP stage,

2.5x speedup in Deepvariant’s INDEL stage, and a 2.5x speedup overall. The containerized

variant-calling workflow used in testing can be seen in Figure 4.4.
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A: Bwb workflow with LongGF &BFF

B: Enrichment statistics computation output

C: IGV image confirming fusion

Figure 4.1: (Continued on the following page)
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Figure 4.1: Screenshot of the nanopore fusion workflow and output. Panel A: Bwb

workflow including our custom Biodepot Fusion Finder (BFF) and LongGF widgets. Panel

B: shows enrichment statistics as fusion enrichment and on target enrichment. Panel C:

BCR-ABL1 fusion viewed in Integrated Genomics Viewer (IGV).

Figure 4.2: Deepvariant Runtime Benchmarks
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Table 4.2: Comparison of LongGF and Biodepot-Fusion-Finder (BFF) fusions found.

Sample Statistics Fusions Found

Sample Name Gb of Data Mean Coverage On-target Enrichment LongGF BFF

K562 0.12 0.04 5830.00 0 29

KU812 0.36 0.11 2108.33 0 51

KCL22 0.69 0.21 2118.70 5 171

NB4 0.07 0.02 848.57 3 3

MV4;11 0.28 0.08 2698.93 57 71

ME1 0.91 0.28 1305.49 45 37

CML1 0.92 0.28 1563.91 0 142

CML2 0.04 0.01 2227.50 0 4

CML3 0.09 0.03 3006.67 0 0

CML4 0.93 0.28 557.10 0 14

CML5 0.04 0.03 1283.33 0 8

CML6 5.00 1.52 1539.12 0 0

AML1 5.47 1.66 535.12 28 38

AML2 1.59 0.48 649.62 0 0

APL1 0.17 0.05 1242.35 0 0

APL2 1.10 0.33 618.00 8 10

APL3 0.31 0.09 872.90 8 10

APL4 1.63 0.49 1785.64 0 0

APL5 0.22 0.07 2520.00 0 0

APL6 1.06 0.32 650.66 0 2
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Table 4.3: Comparison of Deepvariant CPU and GPU.

Step Runtimes (minutes)

Variant Caller Candidate Inference Postprocessing Variantcall-Total

Deepvariant CPU 7.284 8.467 0.996 16.747

Deepvariant GPU 7.255 3.030 0.997 11.282

Table 4.4: Comparison of PEPPER-Margin-Deepvariant CPU and GPU.

Step Runtimes (minutes)

Variant Caller PEPPER-Candidate Margin-Phase SNP INDEL Merge Total

PEPPER CPU 29.118 1.932 86.915 23.214 0.572 143.072

PEPPER GPU 13.812 1.757 30.991 9.326 0.524 58.006
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Figure 4.3: PEPPER-Margin-Deepvariant Runtime Benchmarks
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Figure 4.4: Screenshot of the variant-calling workflow containing PEPPER-Margin-

Deepvariant.
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Chapter 5

CONCLUSION

5.1 Statement

This thesis project focuses on computational methods and software tools tailored for long-

read sequencing data. We have created three containerized, cloud-enabled, hardware-accelerated

nanopore workflows that have been benchmarked with runtime and accuracy metrics. Our

baseline workflow contains the proprietary basecaller Guppy in the basecalling step followed

by Minimap2 for alignment and finally Integrative Genomics Viewer for visualization. We

observed a 29x speedup in average runtime (in seconds) between the GPU and CPU ver-

sions of this workflow. Our fusion detection workflow focuses on rapid detection of myeloid

neoplasm fusions and also supports calculation of a sample’s enrichment. We show that

our tool for detecting fusions – Biodepot-Fusion-Finder (BFF) – detects significantly more

fusions than the state of the art fusion detection tool LongGF. Finally, our variant-calling

workflow focuses on a complete, haplotype-aware variant calling pipeline starting with base-

calling and ending with variant call format output. With runtime benchmarks, we observed

a 2.5x speedup overall with GPU usage as compared to CPU.
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