mzuriCh ETH Library

V-pipe 3.0: a sustainable pipeline
for within-sample viral genetic
diversity estimation

Working Paper

Author(s):

Fuhrmann, Lara; Jablonski, Kim Philipp @2); Topolsky, Ivan (:); Batavia, Aashil A.; Borgsmdiller, Nico (2); Icer Baykal, Pelin
Burcak (:); Carrara, Matteo; Chen, Chaoran (); Dondi, Arthur; Dragan, Monica; Dreifuss, David; John, Anika; Langer, Benjamin;
Okoniewski, Michal; Du Plessis, Louis (*); Schmitt, Uwe; Singer, Franziska (); Stadler, Tanja (*); Beerenwinkel, Niko

Publication date:
2023-10-16

Permanent link:
https://doi.org/https://doi.org/10.3929/ethz-b-000653083

Rights / license:
Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 International

Originally published in:
bioRxiv, https://doi.org/10.1101/2023.10.16.562462

Funding acknowledgement:
- Understanding (harmful) virus-host interactions by linking virology and bioinformatics ()

This page was generated automatically upon download from the ETH Zurich Research Collection.
For more information, please consult the Terms of use.



https://orcid.org/0000-0002-4166-4343
https://orcid.org/0000-0002-7561-0810
https://orcid.org/0000-0003-4073-3877
https://orcid.org/0000-0002-9542-5292
https://orcid.org/0000-0002-9542-5292
https://orcid.org/0000-0002-8763-2937
https://orcid.org/0000-0003-0352-6289
https://orcid.org/0000-0002-6017-1595
https://orcid.org/0000-0001-6431-535X
https://orcid.org/0000-0002-0573-6119
https://doi.org/https://doi.org/10.3929/ethz-b-000653083
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.1101/2023.10.16.562462
https://www.research-collection.ethz.ch
https://www.research-collection.ethz.ch/terms-of-use

bioRxiv preprint doi: https://doi.org/10.1101/2023.10.16.562462; this version posted October 16, 2023. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in

10

11

12

13

14

15

16

17

18

19

20

21

22

23

24

25

26

27

perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

V-pipe 3.0: a sustainable pipeline for

within-sample viral genetic diversity estimation

Lara Fuhrmann®?T, Kim Philipp Jablonski'?', Ivan Topolsky'?T,
Aashil A Batavial?, Nico Borgsmiiller’?, Pelin Icer Baykal?,
Matteo Carrara®*, Chaoran Chen'?, Arthur Dondi%?,
Monica Dragan®?, David Dreifuss'?, Anika John!?,
Benjamin Langer!, Michal Okoniewski®, Louis du Plessis'?,
Uwe Schmitt®, Franziska Singer?, Tanja Stadler'?

Niko Beerenwinkel'?"

'Department of Biosystems Science and Engineering, ETH Zurich,
Basel, 4056, Switzerland.
2SIB Swiss Institute of Bioinformatics, Lausanne, 1015, Switzerland.
3Scientific IT Services, ETH Zurich, Zurich, 8092, Swizterland.
4ANEXUS Personalized Health Technologies, ETH Zurich, Basel, 4058,
Swizterland.

*Corresponding author(s). E-mail(s): niko.beerenwinkel@bsse.ethz.ch;
Contributing authors: lara.fuhrmann@bsse.ethz.ch;
kim.jablonski@bsse.ethz.ch; ivan.topolsky@bsse.ethz.ch;
aashilbatavia@gmail.com; nico.borgsmueller@bsse.ethz.ch;
pelin.icer@bsse.ethz.ch; carrara@nexus.ethz.ch;
chaoran.chen@bsse.ethz.ch; arthur.dondi@bsse.ethz.ch;
monica.dragan@bsse.ethz.ch; david.dreifuss@bsse.ethz.ch;
anika.john@bsse.ethz.ch; blanger@student.ethz.ch;
michal.okoniewski@id.ethz.ch; louis.duplessis@bsse.ethz.ch;
uwe.schmitt@id.ethz.ch; singer@nexus.ethz.ch;
tanja.stadler@bsse.ethz.ch;

TThese authors contributed equally to this work.


https://doi.org/10.1101/2023.10.16.562462
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2023.10.16.562462; this version posted October 16, 2023. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY-NC-ND 4.0 International license.

2 Abstract

29 The large amount and diversity of viral genomic datasets generated by next-
30 generation sequencing technologies poses a set of challenges for computational
31 data analysis workflows, including rigorous quality control, adaptation to higher
2 sample coverage, and tailored steps for specific applications. Here, we present
33 V-pipe 3.0, a computational pipeline designed for analyzing next-generation
34 sequencing data of short viral genomes. It is developed to enable reproducible,
35 scalable, adaptable, and transparent inference of genetic diversity of viral sam-
36 ples. By presenting two large-scale data analysis projects, we demonstrate the
37 effectiveness of V-pipe 3.0 in supporting sustainable viral genomic data science.
38 Keywords: next-generation sequencing, data processing, sustainable workflow,

39 benchmark, global haplotype reconstruction

« 1 Background

s With the advent of next-generation sequencing (NGS) technologies, large amounts of
2 viral genomic data are being generated, which can no longer be easily analyzed on
i personal computers [1]. As this availability of high-coverage data sets brings interest-
w ing research opportunities but also computational challenges, many new processing
s and analysis tools are being developed. In particular, new possibilities of characteriz-
s ing viral variants and analyzing the genetic diversity of viral sequencing samples have
« emerged [2, 3]. While inter-host variability describes how viral strains differ between
s separate hosts, within-host variability measures the diversity of viral strains within a
2 single host. Within-host genetic diversity is thus especially relevant to understanding
s disease progression and treatment options [4, 5]. In addition to clinical or experimen-
si  tal samples, there has been an increasing abundance of environmental samples also
s showing within-sample variability, such as wastewater samples. These samples pos-
53 sess a diverse array of viruses, enabling the monitoring of pathogens on a larger scale,
s« encompassing cities, regions, and countries [6, 7].

55 For estimation of within-sample diversity from NGS samples, several data pro-

ss cessing steps and tools are needed. Due to the complexity of the data, these tools
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s are usually executed as part of a processing workflow. Typically they combine tools
ss  for quality control, sequence alignment, consensus sequence assembly, diversity esti-
s mation, and result visualization. Various workflows have been proposed which try to
0 accomplish these goals including V-pipe [8], ViralFlow [9], nf-core/viralrecon [10] and
s HAPHPIPE [11]. The adaptability of these workflows becomes crucial as different
62 types of viruses require tailored analysis approaches. This need became evident during
e the SARS-CoV-2 pandemic, emphasizing the rapid emergence of specific requirements
s vital to public health [12]. For example, sequencing samples originating from diverse
e sources, such as clinical or wastewater settings, require application-specific processing
e steps that need to be supported in the same workflow.

o7 Another effect of the SARS-CoV-2 pandemic is that a substantial increase in
e sequencing capacities has led to unprecedentedly large numbers of samples becoming
s publicly available, e.g., on the European Nucleotide Archive (ENA; [13]) or GenBank
n  [14]. Analysis workflows need to be able to handle such large amounts of data in order
n  to be beneficial to public health and epidemiological advances. Hence, it is critical
» for workflows to not only include a broad range of functionalities, but also to pro-
73 mote sustainable data processing practices to ensure their effectiveness and long-term
7 success.

7 NGS data processing workflows offer a range of diversity estimation approaches at
% different spatial genomic scales: mutation calling, local and global haplotype. Mutation
7 calling refers to detecting genetic mutations or variations at specific positions within
7 the genome. Global haplotypes refer to the reconstruction of complete haplotypes that
7 span the entire length of the viral genome. On the other hand, local haplotypes focus
s on identifying mutations within a single read. The reconstruction of global haplotypes
a1 is more complicated as multiple reads need to be assembled together to cover a whole

@ genome, but it provides a more comprehensive measure of viral diversity [15].
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83 As the methodologies for viral diversity estimation and data sources can be het-
sa erogeneous, understanding the performance of each tool and benchmarking them in
s a realistic way is difficult. Additionally, different methods may excel in different sce-
s narios. Therefore, continuous benchmarking of these methods is crucial to identify the
ez most suitable one for a given data source and scenario. Consequently, it is important to
e provide data analysis procedures as publicly available workflows designed in a sustain-
so able manner. This approach facilitates continuous re-evaluation of the benchmarking
o workflow with new and updated parameter settings. This is needed as new methods
o1 are being developed which have to be compared to already existing ones, new test
o data sets become available, either new synthetic data sets with new simulation setups,
o3 or real data sets with new experimental setups. Finally, completely new application
o domains can appear which requires adapting the existing benchmarking workflow.

05 Here, we present V-pipe 3.0, a sustainable data analysis workflow for diversity esti-
o6 mation from viral NGS samples. Sustainability comprises reproducibility, scalability,
o adaptability and transparency of the workflow [16]. V-pipe 3.0 builds upon the founda-
s tion of V-pipe [8], but has undergone significant extensions and refinements to address
% new challenges and adhere to sustainable data processing standards [16]. We highlight
100 how the workflow has been designed to achieve these properties and describe how they
1w have been crucial for the application of V-pipe 3.0 to large-scale data analysis projects.
12 In particular, we present a new and efficient workflow that enables the processing of
103 hundreds of thousands of samples. We demonstrate how automated source code test-
e ing makes it possible to quickly make new functionalities and bug fixes available to
105 end users and how its modular design allows to quickly implement application-specific
s features. Further, for the evaluation of suitable genetic viral diversity estimation, we
w7 added a benchmarking module. This module itself is sustainably implemented and it

s enables adding new methods and test data sets. We demonstrate its use by conducting
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109 a benchmarking study where we apply a set of global haplotype reconstruction meth-
uo ods to both synthetic and real data sets. Lastly, we compare V-pipe 3.0 to workflows
m for similar applications, provide an overview of their functionalities, and compare their
12 structures in terms of sustainability.

13 V-pipe 3.0 is publicly available on GitHub [17].

= 2 Results

us  V-pipe 3.0 is a bioinformatics workflow which combines various tools for analyzing viral
us  NGS data (Table 1). V-pipe 3.0 is based on V-pipe, a pipeline designed for analyzing
ur NGS data of short viral genomes [8] and extends it not only in terms of functionalities
us  but also by consistently implementing principles of sustainable data analysis. In the
ne initial step of the pipeline, the raw sequencing reads in fastq format undergo a quality
120 control process. Following this, the reads are aligned, and subsequently, the user-
w1 specified diversity estimation methods are executed (Figure 1). To ensure sustainable
122 data analysis using V-pipe 3.0, we followed the hierarchy of sustainability proposed
s in [16] and created a reproducible, scalable, adaptable, and transparent workflow. It
122 has been widely recognized that these aspects are crucial to scientific progress but
s often lacking in current literature [34, 35]. In the following, we will provide a detailed
126 explanation of the reimplementation and extensions that were undertaken during the
127 development of V-pipe 3.0. To demonstrate that V-pipe 3.0 effectively addresses the
128 challenges of sustainable data analysis we follow the four aspects in Molder’s hierarchy

s [16].

1w 2.1 Reproducibility

1 Reproducibility allows other researchers to execute an existing workflow and obtain
122 the exact same results as the original workflow authors. To achieve this goal, we define

133 all software dependencies in Conda environments which makes V-pipe 3.0 portable
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Fig. 1: V-pipe 3.0 workflow overview. The data processing pipeline (left) provides four
main steps: (1) Preprocessing of the raw reads including quality control, (2) multiple
sequence alignment, (3) estimation of viral diversity by SNV, local and global haplo-
type calling, and (4) if applicable, downstream analysis. The V-pipe 3.0 benchmarking
module (right) supports the evaluation of viral diversity estimation methods on sim-
ulated data and on real experimental data where the ground truth diversity is known
by the experimental design. For the simulated samples, first, ground truth haplotype
populations are generated and based on those, sequencing reads are simulated. Then,
the simulated and real samples are processed by the methods in the study, and last,
the predicted viral diversity is compared to the ground truth viral diversity using dif-
ferent metrics for example precision, recall, f1 and N50 score. V-pipe 3.0 is designed to
facilitate efficient processing on personal computers as well as on computing clusters.
V-pipe 3.0 automatically sets up the necessary Conda environments, installs all depen-
dencies, and initializes the project structure. It is also accessible through a Docker
container, which includes all software dependencies.

between different computing platforms. That way, V-pipe 3.0 can be executed without
complicated, manual installation procedures. To ensure successful installation and

reproducible execution on different systems, we use GitHub Actions [36] for automatic
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Data processing task Tool Reference
Quality control PRINSEQ [18]
FastQC [19]
De novo assembly VICUNA [20]
Primer trimming IVar [21]
SAMtools [22]
Aligner BWA MEM [23]
Bowtie 2 [24]
minimap?2 [25]
ngshmmalign [8]
Consensus sequence generation SmallGenomeUtilites  [§]
BCFtools [22, 26]
Mutation calling LoFreq [27]
ShoRAH [28]
Local haplotype reconstruction ShoRAH [28]
Global haplotype reconstruction PredictHaplo [29]
HaploConduct [30]
HaploClique [31]
QuasiRecomb [32]
SARS-CoV-2 wasterwater surveillance COJAC [6]
LolliPop [33]
Table 1: Methods and tools per data processing step that are integrated in V-Pipe
3.0.

w7 test installations on Mac OS and Linux systems, and for end-to-end tests by executing
18 tutorials with example data.

139 The reproducibility of V-pipe 3.0 results is strongly dependent on the reproducibil-
uo ity of the integrated methods. One core functionality of V-pipe 3.0 is the estimation of
w viral genetic diversity. A multitude of viral diversity estimation tools exist, making it

12 challenging for users to determine the appropriate tool for their samples. Additionally,
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3 the choice of method depends on the desired downstream analysis of the results. There-
ue fore, we created a Snakemake based workflow as part of V-pipe 3.0 which automatically
s applies a set of selected tools to various synthetic and real data sets, computes their
us respective performances in terms of precision and recall, and summarizes the results.
147 The benchmarking workflow is itself sustainably implemented. Adding new tools
s and data sets to this benchmark is very easy and only requires the addition of a single
ue file and no further modifications of the workflow. By incorporating the benchmarking
150 module, we enhance the sustainability of V-pipe 3.0, as robust and continuous bench-
11 marking all integrated software components makes the workflow more adaptable to
12 new data sets and its results reliable. Moreover, this framework facilitates the easy
153 assessment of new diversity estimation methods enabling extensions of V-pipe 3.0 to
15« be implemented in a reproducible fashion. As a concrete demonstration of the bench-
155 marking module’s effectiveness, we conducted a benchmarking study focused on global

15 haplotype reconstruction (Section 3.3).

57 2.2 Scalability

18 Scalability allows the workflow to handle and process increasing amounts of data
150 without compromising on performance or efficiency. To achieve scalability, we utilize
o efficient programming techniques to execute jobs on a computing cluster, ensuring opti-
1sr  mal performance. For example, we dynamically specify cluster resources to adapt to the
12 specific data requirements, facilitating smoother deployment on new cluster environ-
13 ments and enable the parallel execution of unrelated data analysis steps. Furthermore,
10 we validate user configuration files using JSON Schema [37] during startup to identify
15 potential runtime errors early. Lastly, we split centralized tasks among multiple com-
16 pute nodes and perform per-sample distributed computation of summary statistics.
17 In order to make large-scale analyses of public data sets easier, V-pipe 3.0 includes an

s input data retrieval functionality which requires a set of SRA accession numbers [13]
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169 as input and automatically downloads all data files needed to run the whole workflow.
o Further, scripts are available which facilitate the unattended mass-import of raw files
i as produced by Illumina’s demultiplexing software into the structure that V-pipe 3.0
2 expects as input. To help with common post-processing steps, we have added scripts
i3 to facilitate the SRA and GISAID database upload of compressed raw reads and of
s generated consensus sequences, including the summary quality reports assessing the
s plausibility of frameshift-causing insertions and deletions. With these features, V-pipe

we 3.0 has been shown to handle more than 100,000 samples efficiently [38-41].

w 2.3 Adaptability

s Adaptability refers to making it easy for other researchers to build upon an existing
w9 workflow and extend it for their application- and domain-specific needs. To ensure
10 that new functionalities can be quickly added to the workflow without compromising
11 correctness, we track the development using git and run automated integration and
12 unit tests using GitHub Actions workflows [36] on every commit submitted to the
183 repository. We use data sets from different viruses in our tests to make sure that
18« V-pipe 3.0 and the newly added features are running successfully from start to end.

185 To demonstrate the ease with which new software components and scrips can be
16 introduced we added two methods for viral diversity estimation: first, PredictHaplo
w7 [29] a well-performing global haplotype reconstruction method, and second, a script
s for the computation of within-sample diversity indices [42], like Shannon Entropy or
189 population nucleotide diversity. The indices are often applied to compare diversity
wo  between samples and have been used for the estimation of time since infection [43].
11 The addition of new methods requires only the definition of a Conda environment with
12 the required software dependencies and the definition of a Snakemake rule executing
13 the method or script. This ensures that new functionalities are easily integrated into

194 V—pipe 3.0.
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1 name: MPXV

general:
1 aligner: bwa
5 primers_trimmer: samtools
snv_caller: lofreq

8 input:

9 reference: "{VPIPE_BASEDIR}/../resources/mpxv/MT903345.1.fasta"

10 primers_file: "{VPIPE_BASEDIR}/../resources/mpxv/primers/MPXV-primer_genome -
positions_subset.tsv"

11 primers_bedfile: "{VPIPE_BASEDIR}/../resources/mpxv/primers/MPXV-primer_genome -
positions_subset.bed"

12 datadir: "{VPIPE_BASEDIR}/../resources/samples/"

13 samples_file: samples.tsv

15 preprocessing:

16 extra: -ns_max_n 4 -min_qual_mean 20 -trim_qual_left 20 -trim_qual_right 20 -
trim_qual_window 10

18 output:

19 trim_primers: true

20 snv: true

1 local: true

2 global: false

2 visualization: true

24 QA: true

Fig. 2: Example configuration file for monkeypox virus. User-specified aligner, primer
trimming method, and the method for the diversity estimation are defined in the
general section. Input like reference genome, primer file, and the directory of the
samples are specified in the input section. In section preprocessing, extra command
line parameters are passed to the preprocessing step. In section output, users can
define their desired output of the pipeline. This example configuration file is available
on GitHub [44].

105 Further, V-pipe 3.0 can be easily optimized for different viruses through its con-
s figuration setup. The base configuration is virus-agnostic while virus-specific settings
w7 (specific reference sequences, different alignment tools, etc.) can be easily plugged in.
s This allows a quick adaptation of V-pipe 3.0 to any virus, without requiring complex
1o workflow changes. For example, we provide HIV- and SARS-CoV-2-specific configu-
20 ration setups, which select appropriate reference files, read alignment software and
20 post-processing steps. To show how to write such configuration files for other viruses,
20 we added a monkeypox-specific configuration file (Figure 2). The configuration defines
203 which alignment and diversity estimation method should be applied, which reference
24 should be used, and which outputs and processing steps should be run. Further, for

2s each method, users can specify the parameter choices.

10
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w 2.4 Transparency

27 Transparency refers to the ability to easily comprehend a given workflow. This is
20 particularly crucial for ensuring interpretability and facilitating efficient collaboration
200 in large-scale projects with many stakeholders. V-pipe 3.0’s documentation is written
20 as dynamic scripts which allows testing of the configuration options in an automated
an fashion and making sure they always represent the latest release version and do not
22 contain outdated information. Additionally, V-pipe 3.0 offers a range of tutorials that
213 cover various applications, including the processing of SARS-CoV-2 or HIV samples,
as as well as a tutorial specifically designed for processing wastewater samples.

215 In order to facilitate prompt user access to new functionalities and accelerate
26 the onboarding process for new users, we provide four deployment methods: (1) a
a7 Bash script which automatically creates the required Conda environments, installs all
28 dependencies and initializes a project structure, (2) the ability to use Snakemake’s
a0 snakedeploy tool to install V-pipe 3.0 in the standardized Snakemake fashion, (3) a
20 Docker container [45] which is automatically generated for every new release and for
a1 the master branch of the git repository, and (4) the execution within a workflow exe-
22 cution service (WES), such as Sapporo [46], by fetching V-pipe from a tools repository
23 service (TRS) such as WorkflowHub [47]. Further, V-pipe 3.0’s configuration defini-
24 tion summarizes the steps of the workflow in one single file and hence also facilitates

»s information sharing between collaborators.

2 3 Applications

27 In the following, we present how sustainable data processing using V-pipe 3.0 was
»s  key to the successful execution of two large-scale national SARS-CoV-2 surveillance
2o projects, and we demonstrate the benchmarking module by conducting a global

20 haplotype reconstruction benchmarking study.

11
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» 3.1 Swiss SARS-CoV-2 Sequencing Consortium

22 In the scope of the Swiss SARS-CoV-2 Sequencing Consortium [48], V-pipe 3.0 was
213 consistently utilized to process sequencing data and generate consensus sequences.
24 This continuous usage began with the first consortium sequencing run on 23 April
25 2020, and concluded when the consortium was dissolved in January 2023. V-pipe 3.0
2 demonstrated its adaptability by transitioning from its original focus on HIV to pro-
a7 cessing samples from SARS-CoV-2. The first Swiss SARS-CoV-2 case was reported
23 on 25 February 2020 [49], and we submitted the first sequence processed by V-pipe
20 3.0 to GISAID on May 25th 2020 (accession number: EPI_ISL_451681, sampled on
20 12th March 2020). The fast development and changing demands in the SARS-CoV-2
2n pandemic required the rapid development of new tools that had to be integrated in
22 the processing pipeline, for example, the frameshift insertion/deletion checks as men-
23 tioned before. Apart from adaptability, portability and reproducibility were essential
a4 for this project, as it involved analysis conducted by different individuals from vari-
25 ous academic groups on their own computing facilities. Since the consensus sequences
26 and their Pango lineage [50] designations were reported to the Swiss Federal Office
27 of Public Health to inform public health decision-making, reproducibility was essen-
us  tial to guarantee reliable, consistent, and trustworthy results. Further, V-pipe 3.0’s
a9 scalability to maximize the use of computational resources made it possible to han-
20 dle the large amounts of clinical SARS-CoV-2 samples throughout the pandemic [51],
1 which resulted in 74,409 consensus sequences being submitted to GISAID [52] as of
2 21-09-2023 (accessed 21-09-2023). At the peak of our efforts, V-pipe 3.0 processed up
253 to 1500 clinical samples on a weekly basis (Figure 3A), providing a substantial part
254 to the national surveillance efforts of circulating SARS-CoV-2 variants in Switzerland

s [38-40].

12
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» 3.2 Swiss surveillance of SARS-CoV-2 genomic variants in

257 wastewater

»s  Another successful application of V-pipe 3.0 has been the Swiss surveillance of SARS-
20 CoV-2 genomic variants in wastewater [53] (Figure 3C). This category of samples
%0 contains mixtures of multiple SARS-CoV-2 lineages and workflows targeting diversity
1 analysis are prime candidates for handling them. V-pipe 3.0 was used to analyze
%2 the sequencing data and to estimate the abundances of the circulating SARS-CoV-
%3 2 variants in Switzerland. In particular, the wastewater analysis enabled the early
2 detection of new variants of concern such as Alpha (B.1.1.7) [6]. Starting in December
x5 2020, V-pipe 3.0 has been continuously used to process wastewater samples from 6-
6 10 different locations 3-7 times per week [53] (Figure 3B). Since then, V-pipe 3.0 has
27 been the core of the automated monitoring of the circulating SARS-CoV-2 genomic
28 variants in Swizterland (Figure 3C). The first 1823 out of the more than 6000 samples
%0 have already been submitted to the ENA project (PRJEB44932).

270 The complexity of the SARS-CoV-2 variant mixtures in wastewater samples
on required additions to the standard workflow, namely primer trimming and the newly
a2 developed methods COJAC [6] and LolliPop [33] for variant detection and time-series
a3 deconvolution of the variant mixtures. The modular and standard Snakemake struc-
o ture of V-pipe 3.0 facilitated the integration of the new functionalities through adding
a5 new Snakemake rules for their execution. Lastly, the involvement of the large num-
as - ber of stakeholders and collaborators in the surveillance consortium of SARS-CoV-2
a7 genomic variants in wastewater required transparency of the whole analysis pipeline.
as All stakeholders and developers had to be aware of the functionalities and steps of
a0 the data processing. This was possible through the modular structure and the clear
20 configuration files used by V-pipe 3.0, as well as the fact that all parts of the pipeline

;s are open source and their configuration automatically documented.
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Fig. 3: Swiss surveillance of SARS-CoV-2 genomic variants using V-Pipe 3.0. A)
Number of weekly submission of SARS-CoV-2 consensus sequences from clinical sam-
ples to GISAID. Samples were processed with V-pipe 3.0. B) V-pipe 3.0’s surveillance
of SARS-CoV-2 variants in wastewater samples from ten locations in Switzerland with
relative abundances of variants. C) Time-series of relative variant abundances with
95% confidence bands of wastewater samples from Zurich using V-pipe 3.0.

x» 3.3 Global haplotype reconstruction benchmark

253 'To showcase the strengths of V-pipe 3.0’s benchmarking module, we designed a global
26 haplotype reconstruction benchmark study. Global haplotype reconstruction is a use-
s ful methodology in genetic research as it allows for a comprehensive understanding
26 of the underlying genetic variations within a population. Due to the computational
2 challenges involved in global haplotype reconstruction [54], it serves as a valuable appli-
s cation for the benchmarking module. Additionally, this benchmarking study provides
29 an opportunity to evaluate new methods that could potentially be included in V-pipe
200 3.0. In our study, we compared the performance of the probabilistic method Predic-
21 tHaplo and the graph-based methods CliqueSNV, HaploConduct, and HaploClique.
22 We setup the benchmarking such that the methods were tested on two synthetic data

203 sets and on one real data set.
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Fig. 4: Benchmarking study for global haplotype reconstruction methods. A) Pre-
cision, recall, N50 score and runtime for simulated samples of varying coverage of
population 1. B) Left: MDS plots of one example simulation replicate per haplotype
population. Each point represents a sequence. Symbol size corresponds to the fre-
quency of the respective haplotype in the sample. HaploClique and HaploConduct
were excluded due to their poor performance. Right: Precision and recall plots for each
haplotype population. Each marker represents one replicate sample. C) N50, precision,
recall and f1 for PredictHaplo, CliqueSNV and HaploConduct on a real HIV-5-virus
mix.
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204 Using the integrated synthetic data generation component of the module, we con-
205 sider a genome of length 10, 000 bp, generate a population of 10 haplotypes (Population
2s 1) and simulate Illumina reads of length 200 (Section 7.2). We vary the coverage
27 between 500, 1000, 5000, 10, 000 in order to investigate how well the methods are able
28 to recover low-frequency haplotypes as the coverage decreases.

200 We observe that PredictHaplo achieves perfect precision of 1 in all cases,
s0  CliqueSNV’s mean precision is between 0.60 and 0.68 with a slight increase with
s higher coverage (Figure 4A). In terms of recall, CliqueSNV features the highest recall
2 of 0.5 — 0.6 which remains constant over all coverage values, while PredictHaplo’s
s recall increases up to 0.30 for the highest coverage of 10,000. Consequently, the recall
sa  performance of CliqueSNV is less dependent on the coverage level when compared to
s PredictHaplo. Across all coverage values, CliqueSNV and PredictHaplo consistently
w6 achieve N50 scores of 10,000, covering the entire genome length. In contrast, both
sv - HaploClique and HaploConduct fail to cover even a quarter of the genome, and show
s a precision and recall of 0 in all cases. This indicates that all sequences predicted by
s HaploClique and HaploConduct have relative edit distance greater than 0.01 to any
s true haplotype, and no true haplotypes are recovered. The poor performance could
su  be attributed to HaploClique being executed with restricted clique size and maximal
sz clique size, which may not be adequate for the assembly of longer regions. This parame-
a3 ter choice was necessary to prevent excessively long runtime and memory consumption.
s For all methods, we see a general trend of growing runtime with increasing coverage.
as  CliqueSNV consistently requires the least amount of time to run, while PredictHaplo
a6 needs over an hour for the highest coverage (Figure 4A).

317 By varying the haplotype population in terms of number of haplotypes and pairwise
sis  distance while keeping the coverage constant, we generate five additional haplotype
sw  populations (population 2-6 as illustrated in Figure 5C). Across all populations,

» we again observe perfect precision of 1 for PredictHaplo. For populations 3 and 4,
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s CliqueSNV has nearly perfect precision of 0.83—1. However, CliqueSNV is only able to
a2 detect haplotypes from the larger group of 20 haplotypes. Both CliqueSNV and Pre-
23 dictHaplo obtain their highest recall for populations 1 and 2 (Figure 4B), which are
324 the two populations with only 10 haplotypes, and their lowest recall for populations 5
s and 6 each with 55 haplotypes. This indicates that both tools are not able to appropri-
s ately deal with large haplotype populations. As before, CliqueSNV’s generally higher
a7 recall than PredictHaplo’s, is due to CliqueSNV predicting a larger amount of haplo-
2 types than PredictHaplo. In all simulated populations, we observe that PredictHaplo
a9 predicts a single haplotype per cluster while CliqueSNV finds, if any, always multiple
a0 ones per cluster (Figure 4B). HaploClique and HaploConduct remain at a recall and
31 precision of 0.

332 Next, we used the experimental HIV-5 strain mixture [15] to evaluated the methods
33 on a real sequencing data. We observe that precision and recall remain in the range
s of 0.2 — 0.4 for PredictHaplo. CliqueSNV and HaploConduct remain at 0 for precision
s and recall. As before, PredictHaplo’s and CliqueSNV’s reconstructions cover nearly
16 the whole genome while HaploConduct reaches less than a fifth (Figure 4C).

337 In summary, our benchmark studies demonstrates that CliqueSNV exhibits the
38 shortest runtime and delivers the highest recall performance for the simulated sam-
30 ples, whereas PredictHaplo exhibits superior precision for the same samples. This can
uo  mostly be explained by CliqueSNV typically recovering a larger amount of haplotypes
s than PredictHaplo. PredictHaplo was better able to reconstruct global haplotypes with
a2 the real data set both in terms of precision and recall. Overall, the results of our bench-
a3 mark study indicate that the performance of all methods is diverse and highlights the
us  need of continuous benchmarking as new methods are developed.

345 The benchmarking study can be effortlessly reproduced due to its adherence to
us  Snakemake’s guidelines. It can be easily customized for different scenarios by inte-

a7 grating a novel data generation script. Moreover, incorporating new methods into
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us  the study merely requires adding a short script to execute those methods. Thus, our

s benchmarking study itself aligns with sustainable data processing practices.

» 4 Comparison to other workflows

s We compare V-pipe 3.0 to other relevant viral bioinformatics pipelines for within-
32 sample diversity estimation, focusing on functionalities and sustainability (Table
33 2). The compared pipelines include nf-core/viralrecon [10], HAPHPIPE [11] and
s ViralFlow [9]. These pipelines are all open source, actively maintained, and provide
35 within-sample diversity estimates for [llumina sequencing reads. Active maintenance
36 1s crucial in this rapidly evolving field as even frequently used methods are still in
7 continuous development and contain bugs for corner cases that only become evident
s with the rise of massive data sets in recent years. During the SARS-CoV-2 pandemic
30 many processing pipelines have been developed, however the vast majority of those are
30 specific to SARS-CoV-2, tailored to the ARTIC protocol [55] combined with Illumina
s sequencing, and only aim to produce consensus sequences. Since SARS-CoV-2 has lim-
w2 ited genetic diversity and a well-known reference sequence, these pipelines cannot be
w3 easily adapted for the general case.

364 The pipeline ViralFlow, however, also provides variant calling for Illumina sequenc-
s ing reads and downstream analysis for SARS-CoV-2 lineage assignment. In terms
w6 of functionality, all data processing pipelines enable de novo assembly, except for
s ViralFlow. HAPHPIPE and nf-core/viralrecon use SPAdes [56] for this purpose, while
s V-pipe 3.0 utilizes Vicuna [20]. For read alignment, consensus sequence generation,
wo and single nucleotide variant calling, each pipeline offers different combinations of
s tools and methods. For instance, both ViralFlow and nf-core/viralrecon provide the
sn option to use iVar’s variant calling and consensus sequence generation. HAPHPIPE

s uses GATK for variant calling, and V-pipe 3.0 integrates two mutation callers: LoFreq
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sz and ShoRAH, which also provides local haplotypes. V-Pipe 3.0 stands out with its inte-
s grated benchmarking framework (Section 7.1). This framework allows for simulation
s of sequencing reads from flexible haplotype populations and performance evaluation
w6 of various methods. In contrast, [57] presented a benchmarking workflow for a global
sr haplotype caller that is not easily adaptable due to hard-coded simulation parameters
a3 in bash-scripts.

379 Apart from its functionalities, sustainability is an essential factor for data analysis
0 of enduring impact. V-pipe 3.0, ViralFlow, and nf-core/viralrecon ensure repro-
s ducibility and portability by providing software dependency definitions, automatically
;2 installing all necessary dependencies upon pipeline installation or execution. HAPH-
s PIPE, on the other hand, requires manual installation of some software dependencies.
s« In addition, V-pipe 3.0, ViralFlow, and nf-core/viralrecon offer container services like
s Docker, ensuring full pipeline portability and reproducibility. All four pipelines are
s transparent and open source, utilizing publicly available tools and methods. They
7 provide documentation for installation and execution. In addition, HAPHPIPE and V-
s pipe 3.0 offer tutorials and examples to aid users in applying the pipelines to their data.
30 Both nf-core/viralrecon and V-pipe 3.0 have code structures that conform to recom-
0 mended standards for Nextflow and Snakemake workflows, ensuring code readability
s for external users, which makes adding new features straightforward. The other work-
sz flows follow more custom code structures, making it challenging to add new features
33 or modify the workflow, thus limiting their adaptability.

304 Overall, with their portability, automatic tests and gold standard code struc-
w5 ture, the workflows nf-core/viralrecon and V-pipe 3.0 can provide sustainable data
w6 processing and analysis. While HAPHPIPE and V-pipe 3.0 provide the broadest
sr - range of functionalities with additional options for downstream analysis like phylo-
w8 genetic tree building, analysis of co-occurrence of mutations on amplicons (COJAC),

39 or kernel-based deconvolution for time-series frequency curves of variants (LolliPop).
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V-pipe 3.0 ViralFlow nf-core/viralrecon HAPHPIPE

Reproducibility

Automatic installation of all software dependencies v v v X
Container Services (e.g. Docker) v 4 v X
Automatic pipeline installation tests v X v X
Automatic pipeline execution tests on experimental samples v X v X
Scalability

Dynamic cluster resource allocation v v 4 X
Adaptability

Applicable for general viruses v X v v
Modular execution v X v v
Development: feature adding v X 4 X
Transparency

Open source 4 v v v
Readablility: Standard pipeline code strucutre v X v X
Documentation v 4 4 v
Tutorials and examples v v X v
Functionalities

De novo assembly v X v v
Read alignment v v v v
Consensus sequence generation v v v v
Mutation calling v v v v
Local haplotype reconstruction v X X X
Global haplotype reconstruction v X X v
SARS-CoV-2 wastewater surveillance v v X X

Table 2: Comparison in terms of sustainability and functionalities of viral bioinfor-
matic workflows for within-sample diversity estimation.

wo  Further, V-pipe 3.0 integrates the largest selection of tools for each processing step
w1 to ensure suitable processing for different samples. For example, for alignment V-pipe

w2 3.0 supports BWA MEM, Bowtie 2, ngshmmalgin and minimap2.

« o Discussion

ws  We have presented V-pipe 3.0, a sustainable data analysis pipeline designed for analyz-
w5 ing next-generation sequencing data of short viral genomes. In particular, we describe
ws  how we designed it to be reproducible by following Snakemake’s best-practice guide-
w7 lines, adaptable by implementing virus-specific configuration files which can be quickly
w8 exchanged, and transparent by providing automatically tested usage examples, which
w0 are available online. We demonstrate the effectiveness and utility of these develop-
a0 ments by highlighting its application to two large-scale projects, where V-pipe 3.0 was

a1 used in a production setting to process thousands of samples over multiple years.
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a2 One of V-pipe 3.0’s core functionalities is the estimation of viral diversity from NGS
az  data. To address this challenge, we have developed a versatile benchmarking module
ae  that facilitates the continuous assessment of the performance and limitations of exist-
a5 ing diversity estimation methods. As this field is still quickly advancing, continuous
as benchmarking of new and established methods is needed. For this purpose we focus on
a7 making the addition of new tools and test data sets to the workflow as straightforward
as  as possible. Adding new methods is as easy as writing a single script which defines
a9 how to execute the tool and how to install it. New data sources can be either synthetic
a0 or derived from real experimental samples. In the synthetic case, different haplotype
w21 evolution modeling assumptions can be specified in a flexible way. Real data sources
w22 can be automatically downloaded and pre-processed as part of the workflow.

423 Given the mixed performance observed in our benchmark study for global haplo-
24 type reconstruction, it is evident that the current methods may not satisfy the demands
w5 of downstream applications. The issues with performance can be attributed not only
w26 to the limitations of inference methods but also to the complex population struc-
a7 tures inherent to viruses. Consequently, the practical application of global haplotype
w8 reconstruction is heavily constrained by these poor performing and often non-scalable
w29 methods, and would require improved scalable methods that explicitly account for the
w0 uncertainty of the results.

31 When comparing V-pipe 3.0 to other pipelines with similar purposes we found that,
s apart from V-pipe 3.0, only nf-core/viralrecon provides sustainable data processing
a3 taking into account reproducibility, portability, adaptability and transparency by fol-
s lowing Nextflow’s best-practice guidelines. V-pipe 3.0 sets itself apart from the other
a5 pipelines by offering a broader range of integrated tools and functionalities, supported

a6 by thorough documentation and tutorials that address various application settings.
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« 6 Conclusions

s In summary, we have developed V-pipe 3.0 a sustainable data analysis pipeline for
20 within-sample diversity estimation that can be easily applied to large numbers of sam-
w0 ples by other researchers while keeping its execution robust and its workflow structure
a1 open to modifications. We have created a benchmarking module for one of V-pipe 3.0’s
w2 core functionalities which can be continuously updated when new methods and data
w3 sets appear. By continuing our close contact and exchange with users through our
as  mailing list, active GitHub discussions and workshops, we will further expand V-pipe
ws 3.0 to support different kinds of sequencing data, make it more robust to unpredictable
ws  failure points in cluster environments and further improve interoperability with data

w7 providers and consumers.

«w 1 Methods

ao  In the following, we introduce V-pipe 3.0’s benchmarking module and its application

w0 to the global haplotype reconstruction benchmarking study in detail.

s 7.1 Benchmarking module

2 V-pipe 3.0’s benchmarking module allows the benchmarking of global haplotype recon-
ss3 struction methods on real and simulated data. For simulated data the workflow consists
ssa of four steps: generation of haplotype populations, shotgun read simulation, methods
5 execution and performance evaluation (Figure 5A). In the case of real data, the first

s two steps are replaced by a data downloading and alignment step.

s1 Generation of synthetic data sets.

s The synthetic data sets are generated in two steps. First, viral haplotype populations

w0 are generated. In the second steps, reads are simulated (Figure 5A). If no reference
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wo sequence is provided by the user, it is generated by drawing bases uniformly at random
w1 for each position based on the user-provided genome length.

462 We integrated two options for the viral haplotype population generation based
w3 on user-specified mutation rates or pairwise distances. Incorporating new methods
ss  involves the addition of a new script to the module, which generates haplotypes in fasta
ws format as output. In the case of haplotype generation based on mutation rates, sub-
w6 stitutions, deletions and insertions are randomly introduced into the master sequence
w7 based on the user-specified rates u. The frequency composition of those haplotypes in
ws the population is derived from haplotype frequencies f = (f1, ..., fix) provided by the
wo user. These simulation settings allow testing the reconstruction limits of the different
a0 viral diversity estimation methods.

o In the case of haplotype generation by pairwise distances, we simulate hierarchi-
a2 cal relationships among the haplotypes by generating two groups of closely related
a3 haplotypes that share a common ancestor (Figure 5B). First, using the user-specified
aa between-group pairwise distance dyo two haplotypes are generated from the reference
a5 sequence. Second, for each haplotype, child-haplotypes are generated by introducing
w6 mutations based on the respective within-group pairwise distance (d; and ds respec-
a7 tively) and group size (n; and ng respectively). The frequency distribution of the
«s  generated haplotypes is obtained from a geometric series with a given ratio (default:
ao 0.75), this results in a few high-frequency and many low-frequency haplotypes being
w0 present. Additionally the frequency distribution can also be drawn from a Dirichlet
w1 distribution with user-povided concentration parameters «;.

282 Given a user-specified per-position coverage and read length, paired-end reads are

s simulated in shotgun-mode using the ART Illumina read simulator [58].

s Integration of real data sets.

w5 In addition to synthetic data sets where the ground truth is known, real data sets are

w6 included in the benchmark. We test the global haplotype reconstruction methods on
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Fig. 5: A) Workflow for the performance evaluation of global haplotype reconstruction
methods: 1. Generation of haplotype population based on user input, 2. Simula-
tion of paired-end Illumina sequencing reads, 3. Run global haplotype reconstruction
methods, 4. Performance evaluation. B) Generation of distance based haplotype pop-
ulations: n1: number of haplotypes in group one; ns: number of haplotypes in group
two; dqs: average pairwise distance between group one and two; d;: average pairwise
sequence distance within group one; do: average pairwise sequence distance within
group two. C) Haplotype population parameter settings for the second synthetic
dataset with constant coverage of 1000, and genome of length 10000.

w7 sequencing reads from the 5-virus-mix presented in [15]. It provides Illumina MiSeq
s reads for a mixture of five HIV-1 strains: HXB2, 89.6, JR-CSF, NL4-3 and YU-2
w0 and thus gives an estimate of the ground truth which can be used for performance
w0 evaluation. The benchmark workflow is designed to make the addition of further real

w1 data sets easily possible.

w2 Performance evaluation.

To evaluate the performance of each method in the global haplotype reconstruction
benchmark, we compute precision and recall for the recovery of ground truth global
haplotypes for each method in each condition. To do so, we consider the ground truth
set of haplotype sequences and the set of sequences produced by a method. For each

predicted sequence, we check if there exists a ground truth sequence with a relative edit
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distance below a predefined threshold . We define the relative edit distance ED,..; as

ED

ED, =
. maX(Lpreah Ltrue)

(1)

w3 where ED is the edit distance between a predicted and ground truth haplotype which
s+ have lengths Lpreq and Lypye respectively. If ED,. < =, the predicted haplotype
w5 counts as a true positive, otherwise as a false positive. To compute the number of
w6 false negatives, we iterate over all ground truth sequences. We count a false negative
w7 if a ground truth sequence has no matching, i.e., relative edit distance below a certain
w8 threshold, predicted sequence. From this, we compute precision as TP/(TP + FP)
w0 and recall as TP/(TP + FN). We use v = 0.01 as the relative edit distance threshold
s0 in the benchmark study.

501 Two-dimensional embeddings of haplotype sequences are generated by applying
s multidimensional scaling with precomputed edit distances between all sequences [59].
503 We use MetaQUAST to compute measures of assembly quality for the recon-
s structed haplotypes [60]. In particular, we compute the N50 score which, in this
ss  context, equals the length of the shortest haplotype, which together with all larger

sos  haplotypes, covers at least half the genome.

v 7.2 Global haplotype reconstruction benchmark study

s We used the benchmarking module to benchmark global haplotype reconstruction

s0  methods.

s Datasets

su  We generated two synthetic data sets applying the distance-based haplotype genera-
s tion mode and used one real data set. In the first synthetic data set, we considered
s a genome of length 10000 with reads of length 200. We then generated two groups of

su haplotypes such that group one has size n; = 5 and group two has size ny = 5, the
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sis  average pairwise sequence distance within group one is d; = 50, the average pairwise
sis - sequence distance within group two is do = 20, and the average pairwise sequence
siz distance between the two groups is dio = 200. We varied the coverage between
sis 500, 1000, 5000, 10000 in order to investigate how well the methods are able to recover
siv  low-frequency haplotypes as the coverage decreases. In the second synthetic data set,
s0  we considered a genome of length 10000 with reads of length 200 at a constant cover-
s age of 1000. We then used the six haplotype population parameter settings as specified
s2 in Figure 5C in order to investigate how well the methods are able to recover different
523 types of haplotype populations with different diversity levels. For the real data set, we
s used the 5-virus-mix which contains the HIV-1 strains HXB2, 89.6, JR-CSF, NL4-3

s5 and YU-2 mixing in uniform proportions.

s Global haplotype methods.

57 We considered all methods discussed in [54] for which a Conda package is avail-
s able. They are aBayesQR [61], CliqueSNV [62], HaploClique [31], HaploConduct [30],
s PEHaplo [63], PredictHaplo [29], QuasiRecomb [32], and RegressHaplo [64]. From the
s benchmark study we excluded aBayesQR because the program failed to parse the
s input sequencing reads, PEHaplo because it failed execution during the result assem-
s2 bly, QuasiRecomb as it terminated during startup and Regresshaplo, because not all
s13 dependencies of its Conda package were available.

534 The remaining tools are HaploConduct, HaploClique, PredictHaplo and
s CliqueSNV which are all reference-based global haplotype reconstruction methods.
s3 ' This means that they rely on the existence of a viral reference sequence which is sim-
s37  ilar to the haplotypes expected to occur. The input reads are then typically mapped
s3s  against this reference sequence which makes reconstructing global haplotypes easier,
s39  because read positions relative to the genome are available, but also introduces a bias,
sa0 as haplotypes which are dissimilar to the reference might not be captured. For the

sa. real data set, we had to exclude HaploClique for its excessive memory consumption.
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