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Abstract

The analysis of health research data has been growing in relevance and has proven to be very
useful across many fields of scientific study. Some highly complex data analysis methodologies,
named High-Throughput Technologies (HTT), have been developed to process extremely exten-
sive volumes of patient data. One of the most relevant and standard HTT is Next Generation
Sequencing (NGS). Through NGS, researchers can perform very detailed introspections across
various biological applications, including sequencing the entire human genome.

To employ such data analysis technologies, researchers resort to bioinformatics pipelines,
which are computational pipelines consisting of algorithms capable of extensively processing large
datasets of sequencing data. Such pipelines usually require vast volumes of patient data, which is
very sensitive and requires special safeguards and procedures to be put in place. Therefore, these
data must be analysed in a privacy-preserving manner, which proves to be especially difficult when
dealing with extensive datasets that may require execution across a cluster of machines.

A crucial property of bioinformatics pipelines is their reproducibility since they must con-
stantly output relevant results across different builds. Furthermore, reproducibility empowers col-
laboration since researchers can share bioinformatics pipelines while achieving consistent results.
At the moment, this is one of the principal liabilities that bioinformatics pipelines showcase.

This work focuses on studying and improving current frameworks for developing and analysing
reproducible bioinformatics pipelines. An actual bioinformatics pipeline will be implemented
in DolphinNext, which is considered the most advanced, complete and portable bioinformatics
pipeline execution and distribution platform. A set of reproducibility features of the platform are
evaluated, including execution output consistency, configuration overhead, portability and share-
ability. Besides that, different versions of a bioinformatics pipeline are implemented by changing
execution-specific parameters. By analysing the similarity of different outputs, important conclu-
sions are drawn from the impact that small changes in pipeline configuration can have on final
output results.

From the carried work, it is clear that DolphinNext is a complete and stable platform that can
provide accurate and consistent analysis of bioinformatics pipelines. Creating revisions will small
changes in a given pipeline is supported natively and proves to be extremely useful in developing
and maturing pipelines. Reproducibility seemed to be, overall, ensured by DolphinNext.

Studying a bioinformatics pipeline’s determinism and consistency is crucial for understanding
its reproducibility. Therefore, in future work, comparability tools should be supported natively
across different pipeline execution and distribution platforms.

Keywords: Next-Generation Sequencing, High-throughput Technologies, bioinformatics pipelines,
FAIR principles, Domain-Specific Languages, reproducibility, replicability.



Resumo

A andlise dos dados de investigacdo em saide tem vindo a crescer em relevancia e provou ser
muito Util em muitos campos de estudo cientifico. Algumas metodologias de andlise de dados
altamente complexas, chamadas High-Throughput Technologies (HTT) - t€m sido desenvolvidas
para processar volumes extremamente extensos de dados de pacientes. Uma das HTT mais rel-
evantes e correntes ¢ a Next Generation Sequencing (NGS). Através da NGS, os investigadores
podem realizar introspeccdes muito detalhadas através de vérias aplicagdes bioldgicas, incluindo
o sequenciamento de todo o genoma humano.

Para aplicar tais tecnologias de andlise de dados, os investigadores recorrem a bioinformatics
pipelines, que sdo pipelines computacionais constituidas por algoritmos capazes de processar ex-
tensivamente grandes conjuntos de dados de sequenciagdo. Tais pipelines requerem normalmente
grandes volumes de dados de pacientes, o que é muito sensivel e requer salvaguardas e procedi-
mentos especiais a serem postos em pratica. Por conseguinte, estes dados devem ser analisados de
forma a preservar a privacidade, o que se revela especialmente dificil quando se trata de conjuntos
de dados extensos que podem exigir a execucao distribuida através de um conjunto de maquinas.

Uma propriedade crucial das bioinformatics pipelines é a sua reprodutibilidade, uma vez que
devem produzir constantemente resultados relevantes ao longo de diferentes execucdes. Além
disso, a reprodutibilidade permite a colaboragdo, uma vez que os investigadores podem partil-
har bioinformatics pipelines alcangando resultados consistentes. Neste momento, esta € uma das
principais responsabilidades que as bioinformatics pipelines apresentam.

Este trabalho concentra-se no estudo e melhoria das estruturas actuais para o desenvolvimento
e andlise de bioinformatics pipelines reproduziveis. Uma bioinformatics pipelines real serd im-
plementada no DolphinNext, que é considerada a mais avangada, completa e portétil plataforma
de execucio e distribuicdo de bioinformatics pipelines. E avaliado um conjunto de caracteristicas
de reprodutibilidade da plataforma, incluindo a consisténcia da execugao, a sobrecarga de config-
uracdo, a portabilidade e a capacidade e facilidade de partilha. Além disso, sdo implementadas
diferentes versdes de uma bioinformatics pipelines através da alteragdo de pardmetros especificos
de execucdo. Ao analisar a semelhanca dos diferentes outputs, sdo tiradas importantes conclusdes
do impacto que pequenas alteragdes na configuragdo da pipelines podem ter nos resultados finais.

Do trabalho realizado, fica claro que o DolphinNext é uma plataforma completa e estavel
que pode fornecer uma anélise precisa e consistente das bioinformatics pipelines. A criagdo de
revisdes ird apoiar pequenas alteracdes numa determinada pipeline e revela-se extremamente util
no desenvolvimento e na maturacdo de pipelines. A reprodutibilidade parece ser, de um modo
geral, assegurada pelo DolphinNext.

O estudo do determinismo e consisténcia de uma bioinformatics pipelines é crucial para com-
preender a sua reprodutibilidade. Portanto, no trabalho futuro, diferentes ferramentas de compa-
rabilidade devem ser implementadas nativamente através de diferentes plataformas de execucéo e
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distribuicdo de pipelines.

Keywords: Next-Generation Sequencing, High-throughput Technologies, bioinformatics pipelines,
principios FAIR, Domain-Specific Languages, reprodutibilidade, replicabilidade.
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“Knowledge is knowing that a tomato is a fruit,
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Chapter 1

Introduction

Over the past decade, health data has become increasingly more available across many areas of
scientific study. With technological and scientific advancements in data collection methodologies,
researchers are seeing increasing potential in Omics data at a molecular level, which can now be

studied in unprecedented detail through novel emerging technologies.

1.1 Context

With the technological advancements made during the last decade, Omics data has become ever
more prevalent and significant across many areas of study. Advances in biology and computa-
tion have been exponential, providing unprecedented scientific understanding. A new science
field which looks to study biology through informatics and computer-based methodologies, named
bioinformatics, has been created from the pillars of biology and computer engineering.

In recent years, new patient data analysis technologies have been created, which provide a
framework for analyzing large volumes of highly complex data named High-Throughput Tech-
nologies (HTT) [12]. Next-Generation Sequencing (NGS) is one of the most widely and com-
monly used High-Throughput technologies since it is capable of sequencing entire genomes and,
therefore, offers a deep understanding of molecular data [31].

These methodologies created, in consequence, a demand for specially fine-tuned workflows
for data analysis, which are called bioinformatics pipelines [22]. These pipelines handle the vast
datasets collected through HTT and are capable of performing very detailed analyses of patient

data across a chain of interlinked data process tasks [8].

1.2 Motivation

The evolution and maturing of NGS and other HTT resulted in highly complex bioinformatics

pipelines. Besides that, the sensitive nature of health research data, alongside the endless efforts
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toward preserving patient data privacy, created a surge in demand for shareable computational
pipelines across researchers [33].

The complex nature of bioinformatics pipelines poses a hurdle in ensuring their reproducibility
in that they execute a set of instructions and algorithms imported from specific packages and
dependencies. The long list of dependencies of a pipeline, which often needs a particular version
of each dependency to function correctly, complicates sharing a bioinformatics pipeline. Creating
a framework that abstracts the users from the complex dependency configurations of each pipeline
would ensure that pipelines are reproducible and easily executable by other researchers [33].

Patient data preservation should remain a core cause for concern in bioinformatics pipelines.
When dealing with extremely extensive datasets, the analysis may only be possible through a
pooled co-analysis of data from different studies [7]. However, this approach raises some ethical
issues and is currently contested. Facilitating the reproducibility of a pipeline will also contribute
to preserving the privacy of patient data since researchers can opt to share the pipeline on its own
without the need to share data. This also explains another benefit of sharing data analysis tools:
different researchers can use other datasets for the same bioinformatics pipeline, which then leads
to new findings and insights since the work is cross-examined [5].

By facilitating the reproducibility and shareability of bioinformatics pipelines, researchers can
more easily compare results, share analysis frameworks, and generally gain better insights into

patient data. This will, in turn, result in better medical research findings and discoveries.

1.3 General Goals

This dissertation’s primary goal will be to study the best available platforms for developing, exe-
cuting and sharing reproducible pipelines currently available. A previously created bioinformatics
pipeline will be implemented in the most well-fitted reproducibility platform so that relevant con-
clusions can be drawn from the developed study.

Concretely, a set of exploratory work will be performed when implementing bioinformatics
pipelines: the pipeline’s shareability (since it is a core factor for reproducibility and replicability
of bioinformatics pipelines), the ease of execution, overhead of configuration, and quality of output
information.

Finally, a set of proposals for further improving current reproducibility platforms will be con-

structed to contribute to the current state of the art in reproducibility frameworks.

1.4 Document Structure

The structure of the remaining chapters of the document is next described.

Chapter 2, Background, aims at explaining key concepts related to the work implemented in
this dissertation.

Chapter 3, State of The Art, describes the related work already carried out in the scope of the

work implemented in this dissertation.



1.4 Document Structure 3

Chapter 4, Proposed Solution, explicitly defines the solution that this dissertation proposes to
implement.

Chapter 5, Implementation, details the implementation performed.

Chapter 6, Results, described the obtained results.

Chapter 7, Conclusion And Future Work, provides a conclusion for the developed work and

proposes future work to be carried out.



Chapter 2

Background

This chapter provides the necessary background to help understand the context of bioinformatics

and a description of the leading technologies relevant to the scope of work being developed.

2.1 FAIR Principles

The complex nature of health research data collection and analysis creates a need for data reuse.
An essential step toward ensuring that scientific studies can be conducted accordingly is to secure
a good framework for data management, not only during the course of research but also for future
studies, ensuring the ease of access to information [32]. This way, the information’s life span is
increased, which leads to data being reused by future studies. Besides data access, other factors
such as data retrievability and evaluation should also be facilitated. In fact, these improvements
should be made to all components of the scientific workflow, that is, to all steps ranging from data
collection, data analysis itself (which falls heavily into the topics next described in this chapter)
and data storage.

Due to significant data collection and analysis advancements, science has become increasingly
data-intensive. In order to cope with said advancements, information should be readily and easily
available to humans and machines “in the discovery of, access to, and integration and analysis of,
task-appropriate scientific data and other scholarly digital objects” [32].

A set of four principles was made to solve these issues and facilitate the reuse of information
universally. These four principles are commonly known as FAIR principles and are the following:
Findability, Accessibility, Interoperability and Reusability.

Findability: To ensure that humans and computers can quickly find data, both data and meta-
data should contain an assigned unique identifier so that they can be indexed correctly. Data should

be described through extensive metadata. Metadata should reference the data it describes.
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Accessibility: Data and metadata should be easily accessible through their unique identifier via
a protocol that should be open, free, universal and disclose proper authentication and authorisation
mechanisms. Even when data is not accessible, metadata should still be.

Interoperability: Data and metadata should be easily accessed and used across different plat-
forms, meaning they should use a broadly applicable language.

Reusability: Data and metadata should be described in detail, be released with a clear and
accessible data usage licence and, finally, meet the respective community standards.

These four principles should be taken into account from the early stages of a data management
workflow and work as guidelines for use throughout its lifecycle. They are purposefully broad and
don’t specify any technologies or requirements so that they can be used broadly, reaching most of

the scientific community.

2.2 Omics Data

The analysis of health research data has been growing in relevance and has proven to be very
useful across many fields of scientific study. These data usually encompasses both biological and
molecular features, from various scientific domains — such as genomic and immunologic data
(among other fields of science, which generally possess the “omic” suffix) — and is generally
referred to as Omics data.

Omics data have associated Omics analysis methodologies, which are very recent and are still
in a maturing stage. Until recent years there were technological limitations to the analysis of Omics
data, since it is extremely detailed and rich in information, not only relative to the sequencing data
itself but also related to the factors which need to be analysed in order to extract the most out of
the data. As an example, genomics is one of the main areas of Omics data, and constitutes the
study of the entire genome of an organism, as well as the relationships that the genes hold between
them. Obviously, studying the entire DNA of a species is extremely extensive work, and requires
special novel methodologies to be done effectively.

However, given the appropriate analysis framework, infrastructure and methodologies, analysing
Omics data is extremely promising. Even though it is still at a relatively early stage, analysing
Omics data has already proven to be extremely useful in detecting pathologies, for instance, and
gaining a general better understanding of the human body, across many different specific fields.
It has become clear that understanding the genome of an individual gives important insights into

how that individual functions.

2.3 Next-Generation Sequencing

Some highly complex data analysis methodologies, in the form of HTT, have been developed to
process health research data. One of the most relevant and standard HTT is NGS, a technology
capable of sequencing the entire human genome in a single day, with reduced costs [19]. Through

NGS, researchers can perform very detailed introspections across various biological applications,
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including the study of the response of the human genome to infection or pathological conditions
such as autoimmunity and cancer [17]. As these technologies mature, new research and diagnosis
perspectives have arisen, bringing very bright perspectives to human medicine.

However, the rapid expansion of NGS applications also calls for further advancements in data
storage, analysis and visualisation frameworks. Specifically, NGS data analysis is most often
made in the form of bioinformatics pipelines, which will be further described in Section 2.5. In
recent years, with the fast advancements in High Throughput Technologies, such computational
pipelines have become even more relevant in processing the large volumes of molecular data that
these technologies require.

Finally, it is essential to note that the analysis of NGS data usually requires extensive volumes
of patient data, which is very sensitive and requires special safeguards and procedures to be put in
place. Therefore, these data must be analysed in a way that preserves their privacy, which proves
to be especially difficult when dealing with very extensive datasets. For this reason, it’s essential
to apply the FAIR principles described in Section 2.1 to such analysis to preserve patient data
privacy to the fullest.

2.4 The AIRR Community

There has been a remarkable increase in antibody and T cell receptor sequencing data in recent
years, mainly due to the tending lowering DNA sequencing costs [10]. The AIRR (Adaptive Im-
mune Receptor Repertoire) community emerged in 2015 due to such an increase in data collection
and evolution of NGS techniques. This research group focuses on leveraging NGS sequencing
to study antibody, B-cell and T-cell repertoires, through implementations that follow the FAIR
principles [26]. Such data is commonly named AIRR-seq data and consists of a subset of NGS
data. The AIRR community establishes a set of data and metadata standards, reference implemen-
tation tools, and a collection of practices to ensure the correct gathering, storage and analysis of
AIRR-seq data [3].

2.4.1 AIRR Data Model

One of the main goals of the AIRR Community is to establish a set of standard practices for the
main stages of data analysis (collection, processing and sharing). By creating such best practices,
the collaboration between laboratories and researchers is greatly facilitated, as the data is stored
in a standardised format. Therefore, comparative and integrative analysis of AIRR-seq data is a
fundamental goal of the community and a critical step towards reproducibility.

To create relevant and accurate standards for AIRR-seq data, a set of minimal required meta-
data for describing a dataset was established (MiAIRR), which describes the study design and the
type of information represented in such data [10]. By ensuring that different AIRR-seq datasets
follow this model, it is possible to perform cross-examination on them since they follow the same
data standard. This proves to be extremely valuable since it increases collaboration and allows for

data sharing between pipelines and applications.
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In order to tackle these issues, the standards created by the AIRR community consist mainly
of data models, schema applications, file formats, and application programming interfaces (APIs)
to promote interoperability and reusability of AIRR-seq data [10]. Here, the focus will be on the
developed data models since they can represent not only metadata related to the collected data but
also some information relating to the data analysis.

The MiAIRR standard defines six blocks of data elements that represent the most broader
objects of AIRR-seq datasets:

Study, Subject and Diagnosis

Sample Collection

» Sample Processing and Sequencing
* Raw Sequences

» Data Processing

* Processed Sequences with Annotations

Even though this standard is an instrumental step towards reproducibility, it could be expanded
into defining the analysis step more in detail. In Section 4.1, this model will be slightly modified

and developed to represent the data analysis stage in greater detail.

2.5 Bioinformatics pipelines

To analyse Omics data, researchers resort to computational pipelines, which are fine-tuned towards
bioinformatics computations, called bioinformatics pipelines. These pipelines contain a set of
algorithms that can process vast datasets and analyse them very detailed and complexly. With
the rise of HTT, bioinformatics pipelines became even more relevant in analysing health research
data since the complex nature of NGS data requires well-built and efficient computational analysis
pipelines to produce consistent and relevant results.

In order to execute efficiently and in a scalable manner, bioinformatics pipelines should be
developed in a modularized way, exemplified in Figure 2.1. A user interacts directly with the
pipeline through a User Interface layer, which usually constitutes a web application or CLI tool.
The specific software tools used in the pipeline are orchestrated by a pipeline specification work-
flow, which a pipeline or a script can implement. Finally, the respective computations must be
executed in any given execution environment, which usually consists of a local workstation, clus-
ter of nodes, HPC or Cloud machine [6].

Even though bioinformatics pipelines are customisable depending on laboratory and research
needs, the foundations are standard across mostly all use cases. The main steps and workflow of a

bioinformatics pipeline are shown in 2.2.
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User interface
(Galaxy, web app, command line ...)

[
Pipeline tools
(BLAST, Blacklight, parsers, ...)

Pipeline specification
(CWL, Spark, bash script, ...)

Pipeline execution Data storage
(Spark, MapReduce, Torque, ...} || (File system, S3, Parquet, ...)

Pipeline framework (Teil, ADAM, GESALL ...)

Execution environment
(HPC, cloud, ...)

Figure 2.1: Bioinformatics pipeline framework. From [6]

Due to bioinformatics pipelines’ complex nature, where multiple tools are used to execute
specific computations, it can become challenging to keep track of all needed dependencies and
perform the necessary installations in the execution environment. For each processing step of a
pipeline, there are usually many different tools which can be implemented. Previous benchmark-
ing studies for the most widely used bioinformatics tools (such as IgBLAST and MiXCR) have
been made. In such studies, researchers concluded that even seemingly small changes, such as
updating the reference germline sets used in the respective tools, can significantly change anno-
tation output [27]. Besides that, another issue is that some bioinformatics pipelines implement
Machine Learning (ML) algorithms, which are practical analysis frameworks for AIRR-seq data,
that make pipelines non-deterministic and cause outputs to vary across different executions [21].
For this reason, to ensure pipeline reproducibility, it is vital to both fully document bioinformat-
ics pipelines in a standardized way and have access to a comparability framework that accurately
detects output similarity.

Since pipelines can be parallelised and executed by many nodes, they can be executed across
a cluster of machines. In this situation, it is necessary to configure the execution environment ac-
cordingly across various machines, representing a significant overhead and making maintenance
extraordinarily laborious and complex. Therefore, a solution for reproducibility of pipeline exe-
cution is crucial for efficient NGS data analysis.

Collaborative work is a foundation of science, and only through collaboration is it possible
to perform studies on highly complex areas such as genomics. This has become more evident in
recent years, with the maturing of High-throughput technologies such as NGS, that increase the
level of complexity of the topics that researchers can study. Therefore, collaboration has become

increasingly important, and there is often a need to perform comparative studies of bioinformatics
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Figure 2.2: NGS bioinformatics pipeline. From [25]

pipelines. Different datasets, each hosting their own set of standards and formats, need to be
analysed to achieve this [11]. The lack of a general standard for bioinformatics pipelines is an
obstacle to the current need for collaborative studies. Besides that, the vast volumes of data to be
consumed also pose a challenge from the computational perspective.

To solve this issue, scaling solutions need to be provided. Vertical scaling (increasing machine
power) could be a simple solution. However, the high cost it brings represents a mishap. Besides
that, vertical scaling generally does not constitute an optimised solution since there are many
independent processes to be executed in most bioinformatics pipelines. Therefore, horizontal
scaling offers a solution based on parallelisation and efficient task orchestration. Even though
computational nodes should still be powerful, having many nodes is the main improvement that
can be made. This way, researchers can execute separate, independent processes on different
nodes, released after executing a given process entirely, so that they can execute another. However,
execution environments still need to be correctly configured. Container technologies, which will
be next described, can be a solution to such an issue since they offer the ability to pre-configuring

portable execution environments with all necessary dependencies.
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Figure 2.3 showcases a typical workflow of computational bioinformatics, from data collection
to results interpretability. In the first stage, most commonly known as the experimental phase,
physical samples are collected. Then, they are sequenced through specific technologies, which
nowadays usually consist of High-Throughput technologies such as NGS, originating raw data
stored in files of a specific format, usually fastg'. A bioinformatics pipeline’s workflow then takes
the raw data and generates meaningful information through a sequence of processing steps that
usually implement specific software tools. Finally, the interpretable outputs are analysed to entice

conclusions from the study [13].
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Figure 2.3: Bioinformatics computing workflow. From [13]

2.5.1 The fastq file format

Bioinformatics pipelines usually take in sequencing read data in the form of fastg files, which
combines both the sequences and associated base quality scores [4]. This file type is very specific,
and consists of a large set of reads, which each span four lines. Figure 2.4 exemplifies a single
read of a fastq file. The first line represents an identifier for the specific read, followed by a line
containing the sequence identifier name attributed to the read by the sequencer (machine which
generated the NGS data). The following line simply contains a delimiter character. Finally, the
fourth line contains the Phred quality score for the bases represented on the second line. This score
represents the error probability associated with each base through chromatogram analysis [1], and

is calculated by the following logarithmic Equation 2.1:

0 = —10loggp 2.1

1https ://thesequencingcenter.com/knowledge—base/fastg-files/
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Figure 2.4: Composition of a fastq read. From https://old.abmgood.com/

Where Q represents the Phred score and p is the probability of a single base to have been

incorrectly called.

2.6 Containerization

During the last decade, due to the exponential growth of software tools and platforms, software ap-
plications have become increasingly more complex. It has become significantly more challenging
to execute and deploy software across different machines due to the large set of dependencies and
software tools required in most modern applications. The overhead of installing and managing all
the dependencies and tools to successfully deploy an application has been increasing, and perform-
ing successful deployments in plain Virtual Machines poses a difficult challenge. Besides that,
developing and deploying software in variable infrastructure also poses a significant challenge,
which is further noticeable in scientific workflows composed of multiple tasks requiring com-
plex and specific tools and packages ([20]). In response to these issues, an open platform called
Docker” was created. The main goal of this platform was to provide a portable and lightweight
platform for building and deploying software applications through a technology called containeri-
sation. Containerisation refers to the ability to create simple "virtual machines", commonly called
containers, which contain an operating system and the necessary dependencies required to run a
specific application. For this reason, if configured correctly, containers represent, in essence, light
virtual machines.

In particular, Docker has three main components: Docker images, Docker registries and
Docker containers. Docker images are, in essence, templates which specify all the requirements
to build a Docker container. They may contain source code, requirements, external tools and other
required components. Images have a layered structure, meaning a given image can build over an-
other image, adding further requirements. Docker images can be shared in registries, which can be
private or public. Docker hosts a public registry, Docker hub, where users can freely pull images
from the registry or, in the alternative, push their images to the registry. The open nature of image
registries ensures that images are accessible and that users can use preexisting images, building on
top of them if needed. Finally, Docker containers are isolated, virtualized environments defined

by docker images. By having been pre-configured by the corresponding Docker image, containers

2https://www.docker.com/
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should contain all the necessary configurations for an application to be executed as expected in the
deployment host machine.

Docker containers have a very significant advantage over conventional virtual machines when
it comes to deploying multiple instances. On a relatively weak machine, up to 50 requests can be
made simultaneously to docker containers, as opposed to conventional virtual machines, which are
limited to around ten instances [23]. Therefore multiple active containers can be deployed. As we
can see in figure 2.5, three containers are deployed in the host Operating System. Each container
has resource allocation requirements and constraints, and they are fully isolated, even though they
share the same host machine. Docker uses an extra layer between the host Operating System and
the higher layer in which the applications are executed, called the Docker engine [23].

Docker is also nicely integrated with other orchestration and cloud technologies, which is
extremely useful for application development. By joining the capabilities of different technologies,
they can be used to their full extent and further improve computational and workflow constraints

that are otherwise challenging to overcome.

A PP 1 App 2 App 3

Docker Engine
Operating System

Infrastructure

OB O

Figure 2.5: Docker container architecture. From [23]

2.7 Orchestration

With the breakthrough of NGS, the extensive volume of highly detailed AIRR-seq data created a
need for open and scalable bioinformatics pipelines, which could serve such demanding compu-
tational requirements [2]. When deploying or executing a program requiring much computational
power, a network of computers or nodes is often required for efficiency. However, when creating
a cluster of computers that share executions and results, there is often a need for a framework that
manages all of the nodes and specifies requirements to function as expected. The management of
containers is often referred to as orchestration, and some technologies currently offer such service.
Besides Docker, there is another platform, named Kubernetes®, that provides fine-tuned orchestra-

tion of Docker containers and is currently the industry standard. By resorting to both technologies,

3https://kubernetes.io/


https://kubernetes.io/

2.7 Orchestration 13

it is possible to not only execute a program across a cluster of isolated and optimised containers
but also orchestrate their executions.

For this reason, containerization, orchestration and also cloud computing are very relevant for
bioinformatics and, even though some work has been developed in the sense of leveraging these
technologies in bioinformatics pipelines, there is still a lot of potential and further work that can

be done to improve this.



Chapter 3

State of the art

This chapter describes the current state of the topics related to the work being carried out in this
dissertation. It builds on the concepts presented and described in the previous chapter and provides
an overview of the related work that has been carried out in bioinformatics and, more specifically,

the reproducibility of bioinformatics pipelines.

3.1 Nextflow

A crucial property of bioinformatics pipelines is their reproducibility since they must constantly
output relevant results across different builds. Furthermore, they need to be replicable across
different environments. This is important so that the data analysis can happen in a distributed
fashion, across multiple processing nodes, and because it facilitates collaborative studies since
researchers can execute pipelines in any given environment.

Currently, this is one of the central liabilities that bioinformatics pipelines showcase. Workflow
managers are platforms which focus on simplifying the implementation and execution of bioinfor-
matics pipelines while providing further features which enhance reproducibility, useability, task
scheduling optimization, and cost-efficiency, among others [33]. Besides that, Domain-Specific
Languages (DSL) are often used to describe these pipelines [18]. However, some issues arise
from this approach (namely their reduced versatility in aligning with different types of pipelines).
As a solution for bioinformatics pipeline standardization, Domain-Specific Languages (DSLs) are
commonly viewed as a good solution. They offer a simple framework for declaring a pipeline’s
workflow, stating the input and output of each processing step, as well as managing the most
efficient task orchestration when necessary at runtime.

More recently, Nextflow' was created to provide a DSL very well-tailored to the context of
bioinformatics. Over the years, it has become the industry standard as the DSL to define bioin-

formatics pipelines. It offers native containerization and orchestration functionalities, integration

1https://www.nextflow.io/
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with cloud providers and other useful features.

Nextflow is a workflow framework which aims to facilitate the development of portable and
reproducible pipelines. The framework implements the dataflow paradigm, in which tasks are
fully isolated and can execute in a stateless manner, which allows for distributed executions of
pipelines across various execution environments [28]. It is, in essence, a pipeline development
and execution framework that leverages containerization technologies to ensure reproducibility
without compromising on scaleability [35]).

In complex genomics analysis pipelines, multiple tools and software packages are imple-
mented. Maintaining working versions of many packages across a single analysis pipeline brings
many challenges. Since bioinformatics pipelines are experimental, version changes of imple-
mented tools are frequent and can raise reproducibility issues [30]. Packaging the correctly ver-
sioned dependencies for all necessary software packages is a crucial step towards reproducibility,
and container technologies are a reliable and tested solution for such issues. This approach also
facilitates the packaging and distribution of bioinformatics pipelines, contributing to collaboration

across many fields of study.

3.1.1 Docker integration with Nextflow

As mentioned, Nextflow natively supports the execution of pipelines in a containerised environ-
ment through Docker. Besides that, Nextflow also supports containerisation through Singularity?,
another container platform focused on providing reproducible scientific computations [16]. It
is possible to declare a Docker image that will serve as the execution environment for a given
pipeline when deployed as a container. The used images can be fully configured by researchers
and packaged specifically for a single pipeline or be developed more broadly so that they can be
reused across pipelines. Images can be stored in an image hub, such as Docker hub, or be built in
a local workstation.

Furthermore, it is possible to develop images for specific pipeline processes instead of serving
all the processes present in a pipeline in a single container. Nextflow supports a variety of config-
urations to be made in a nextflow.config file, including specifying which image should be used for

each processing step, which is exemplified in Listing 3.1

2https ://docs.sylabs.io/guides/3.5/user-guide/introduction.html
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1 process {

2 withName:processl {
3 container = ’'image_name_1"
4 }

5 withName:process2 {
6

7

8

9

container = ’'image_name_2'

}
docker {

10 enabled = true

Listing 3.1: Example nextflow.config file

The researcher must choose which approach to follow when selecting or developing Docker
images for pipelines. Some pipelines, which may be executed in resource-restricted environments,
or across a cluster of computational nodes, may be better suited for a multi-image approach, where
each process is executed in a very well-tailored image. On the other hand, very complex pipelines
or pipelines executed in a single container may be better suited for a single-image approach, which
is also simpler to develop. Even though it may be heavy, this single image can package all neces-
sary software tools the pipelines use.

The integration with Docker and Singularity is an excellent step toward achieving pipeline re-
producibility since it allows for executing pipelines in a truly isolated and contained environment.
Nevertheless, given the extreme computational effort required by most bioinformatics pipelines,
the computational performance of Docker containers should be evaluated. Some benchmarking
studies found that Docker containers had a negligible performance overhead in executing medium
or long execution tasks (the vastly more common bioinformatics tasks) [30]. For this reason, it
is found that minor the performance loss of executing bioinformatics pipelines in containerised
environments is significantly offset by the reproducibility gains of creating very controlled self-

contained execution environments.

3.1.2 Orchestration in Nextflow

The use of software containers, such as the container technology provided by Docker, generates
the need for managing and organising them, particularly in large-scale systems. Orchestration
technologies offer a solution for container management, and Kubernetes has been the industry
standard for highly scalable container orchestration.

The extensive computational efforts that bioinformatics requires mean that they are an excel-
lent potential application for orchestration, in the sense that the computational effort is usually
distributed across many nodes of a network. Kubernetes allows for declaring a set of variables and
configuring a cluster of computational nodes to be deployed. These deployed computations nodes

act as workers, and a Master node can also be deployed to manage them, following a master-slave
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architecture. This is a very well-tested architecture for general computational workflows supported
by Nextflow [20].

The nodes launched and managed by Kubernetes are executing Docker images that can be
pulled from a container registry without any additional configuration. Figure 3.1 displays the
general architecture of deploying a pipeline across a cluster of Docker containers. The Nextflow
driver pulls the application workflow and the needed Docker images and orchestrates the task
allocation across a cluster of computational nodes [35]. In essence, the orchestration features
that Nextflow offers to build on top of its container features, providing a way of configuring the
deployment of nodes executing images. The configuration of the Kubernetes cluster can also be
made in the nextflow.config file.
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Figure 3.1: Nextflow kubernetes architecture. From https://www.nextflow.io/docs

3.2 The nf-core platform

As the bioinformatics research community understood the value of reproducibility in NGS data
analysis, some platforms have emerged as solutions for such issues. More notably, nf-core is
a community-driven framework for developing fully portable and reproducible bioinformatics
pipelines [5].

The nf-core platform aims to standardise bioinformatics pipelines by providing a framework

for defining guidelines, code standardisation and comprehensive documentation. Since it is a fully
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Table 3.1: nf-core guidelines for bioinformatics pipelines. From [5]

Importance \ Guideline \ Comment

Requirement Built using Nextflow NA

Requirement Have an MIT license NA

Requirement Software bundled using Docker / Singularity NA

Requirement Continuous integration testing Pipeline tests run on
Travis CI with minimal
test dataset.

Requirement Pass nf-corelint tests Lint tests run on Travis CI
with each update

Requirement Stable release tags GitHub  releases are
used with an associated
changelog, and DOI using
Zenodo

Requirement Common pipeline structure and usage NA

Requirement Run in a single command Pipelines should not be
split into multiple sub-
pipelines

Requirement Excellent documentation Pipeline specific docu-
mentation, in addition
to documentation on the
main nf-core website.

Requirement A responsible point of contact / GitHub username | NA

Recommendation | Software bundled using bioconda Software should be pack-
aged for bioconda if not
already available

Recommendation | Require as little input metadata as possible Optional pipeline steps to
convert file types and to
build reference indexes.

Recommendation | Optimized output file formats Standard file formats
where possible, including
CRAM.

Recommendation | Explicit support for running in cloud environments | NA

Recommendation | Benchmarks from running on cloud environments | NA

open platform, it incentivises discussion and collaboration from the community members [5]. The

proposed guidelines and respective descriptions are described in Table 3.1.

By offering extensive documentation and pre-configured templates, nf-core facilitates the cre-

ation of bioinformatics pipelines from scratch. There are a set of community-built and maintained

pipelines that researchers can freely use.

Since all nf-core pipelines are implemented Nextflow, they can be deployed across a vast set

of containerised environments, including workstations, HPCs, or on the Cloud.
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3.3 Continuous Integration/Continuous Delivery

Besides the Cloud support that Nextflow offers, there are no native Continuous Integration (CI)
solutions natively integrated with the framework. Usually, the complex nature of bioinformat-
ics pipelines poses an obstacle to creating a CI solution. Besides, many CI features are already
somewhat provided by Nextflow, such as task scheduling and parallel execution. Previously to
Nextflow’s release, many bioinformatics pipelines were fully developed, deployed and executed
in CI platforms, such as Jenkins®.

However, CI offers many benefits and improvements to a workflow, especially in a collab-
orative environment. With the current efforts to create reproducible and shareable pipelines, CI
could be another vector for leveraging shareable pipelines. Configuring automated tests would be
an elementary example of the benefits of creating a CI framework in bioinformatics pipelines. In
fact, with the increasing complexity of bioinformatics pipelines concerning data volume and many
analysis tools available, the need for such automation has been increasingly evident.

Nevertheless, there is a margin for improvement in integrating bioinformatics pipelines in a CI

environment, and this possibility should be explored.

3.4 DolphinNext

In modern high-throughput sequencing analysis pipelines, dozens of workflow processes usually
use multiple analysis tools specific to each processing step, which represents a very significant
hurdle in reproducing different executions. Soon, researchers understood the value behind the
ability to visually represent an analysis pipeline, from the upper-level representation of its basic
structure and process communications to the specification of scripts, tools and dependencies. In
the initial stage, some platforms, such as Galaxy, were developed to provide a platform for a vi-
sual representation of bioinformatics pipelines. Specifically, in Galaxy, "Users upload data to a
central server and apply a diverse, heterogeneous set of programs through a standardised user in-
terface" [34]. Even though creating such platforms was a crucial leap toward visual representation
in pipelines, which is a vital pillar of reproducibility, there were some clear limitations concerning
the platforms’ capabilities.

In the context of bioinformatics, there is an evident intersection of scientific domains. Multiple
steps across many fields of study are involved in analysing NGS data. Researchers must have a
deep understanding of biological concepts and good software development abilities. This makes
sharing pipelines frustratingly delicate since researchers often do not have the necessary specific
knowledge to perform a given analysis. Therefore, there is a clear need for a framework that
removes the overhead of analysing a pipeline, so a less knowledgeable user can fully and easily

reproduce and develop an understanding of any given pipeline. There have already been some

3https://www.jenkins.io/
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efforts to facilitate the analysis of NGS data at different levels including the development of user-
friendly frameworks for scalable analysis of NGS data [29]. However, there are still improvement
opportunities in this context.

To tackle the difficulties of developing, analysing and executing complex bioinformatics pipelines,
DolphinNext*. was created. It proposes an end-to-end platform, where an inexperienced user can
develop a pipeline in its whole, from the designing to the testing and reporting stage.

With the recent advancements in HPC centres and cloud computing, it has become increasingly
crucial that computational pipelines are portable and executable across different environments.
Otherwise, the excessive overhead of manually configuring an environment for a specific comput-
ing platform is not sustainable. By leveraging some of the very useful containerisation and orches-
tration features of Nextflow, DolphinNext allows for highly portable and reproducible pipelines to
be created, developed and executed. This is achieved through abstraction since Nextflow uses
the many Central Processing Unit (CPU) cores available to execute tasks in parallel accordingly,
without needing specific configuration by the user.

Even though Nextflow provides all these great features, it "can get unwieldy when pipelines
become complex, and maintaining them becomes taxing" [34]. Pipeline steps can look like black
boxes where a researcher cannot comprehend its inner workings or even which tools are being ex-
ecuted. DolphinNext is a user-friendly platform aiming to increase the reproducibility and porta-
bility of analysis pipelines. By providing a powerful yet simple User Interface (UI), understanding
and changing pipelines is no longer limited to technically proficient users. Besides that, pipelines
can be extremely well described and documented, with every process, used tool, and communica-
tion channel explicit and documented.

DolphinNext is also very versatile in the sense that it supports execution across multiple en-
vironments, in physical workstations or the cloud, through the Nextflow layer. This is important
because an analysis pipeline can be executed in the environment where the data is located, which
means that the data does not need to be transferred across systems or locations. Besides the no-
ticeable efficiency gains, this also has benefits regarding preserving data privacy. This is possible
since DolphinNext is, in essence, a wrapper platform that builds on top of Nextflow and lever-
ages all of its features while possessing other vital capabilities. In summary, as shown in Figure
3.2, Nextflow offers execution of pipelines through HPCs, Cloud providers or workstations, where
pipelines can be executed in containerised environments (through Docker or Singularity). How-
ever, DolphinNext serves a layer on top of that, providing a Pipeline Builder Ul, a Job monitoring
page, a revisioning system for pipelines and processes, and modular development. Besides that,
pipelines can easily be shared and reproduced, together with a set of reports that are also custom
generated.

By sharing pipelines, researchers can not only collaborate with others but also get inspiration
and novel views of analysis processes, methodologies or implementations of tools. Since most
of the most common analysis tools are shared between laboratories and bioinformatics pipelines,

processing chunks are also commonly very similar or even identical. Therefore, by modularising

4https ://dolphinnext.readthedocs.io/en/latest/
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Figure 3.2: DolphinNext architecture. From [34]

pipeline processes and ensuring the shareability of analysis blocks, researchers can benefit signif-
icantly from collaborative work. For this reason, DolphinNext supports creating modules which
can be reused across pipelines.

In order to tackle the various current main concerns regarding reproducibility and shareability
of bioinformatics pipelines, DolphinNext is composed of different modules, or parts, which focus

on different components of the platform.

3.4.1 Pipeline Executor module

The Pipeline Executor module focuses on the actual execution of pipelines in a specific and pre-
viously configured environment. In order to provide a practical and efficient executor module,
DolphinNext focuses on the current main bottlenecks and limitations to bioinformatics pipeline
execution. Perhaps the most common in-demand feature is in managing an execution’s workflow,
that is, controlling the current status of a pipeline’s execution (such as pausing, resuming and
cancelling executions). This is a widespread scenario since various errors can be thrown when a
pipeline is executed, from permission errors (relatively common when a pipeline is executed across
multiple environments) to specific computational errors from the used analysis tools. Given the
extreme computational effort required by most large bioinformatics pipelines, restarting execution
from scratch every time an error occurs would be very costly in time and resources.

Most execution frameworks do not have unique mechanisms to account for these issues. How-
ever, Nextflow has a well-tailored resuming functionality, allowing any pipeline to be resumed

after an errored state. Since DolphinNext pipelines are translated into Nextflow code, which is
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then executed through the Nextflow driver, it is essential that DolphinNext can offer such resum-
ing mechanisms through the UI and then perform the necessary instructions at the Nextflow level.
Therefore, DolphinNext provides a user interface where users can monitor execution status, re-
sume executions when errors are thrown, and change specific parameters, which may solve issues
causing the pipeline error. Regarding computational availability, users can also configure allocated
resources according to current needs so that the execution occurs as smoothly as possible.
Finally, this module also provides access to execution logs (exemplified in Figure 3.3), which
are necessary for execution inspecting and troubleshooting. Besides that, since pipeline execution
happens at the Nextflow layer, the Nextflow-generated reports can also be easily accessed. This is
very useful since the information displayed gives excellent insights into the pipeline’s computa-
tional costs and also documents the processes it contains. By analysing this data, users can locate

possible computational bottlenecks and further improve the pipeline’s computational efficiency.

«f Run: rsem pipeline \ [ Project: Main Pipelines | % Pipeline: RSEM Pipeline \ 2@

Created by onuryukselen on 2018-01-30 10:22:53 « Last edited on 2018-01-30 12:24:18
Run Settings Advanced Log Workflow Report
Run Log 9: Run Log 9 created a ¥

log.txt trace.txt .nextflow.log nextflow.nf nextflow.config

[51/0354b4] Submitted process > BAM_Analysis_Module_RSeQC (1)
[91/7287e0] Submitted process > BAM_Analysis_Module_RSeQC (2)
[ad/T04132] Submitted process > BAM_Analysis_Module_Picard (2)
[5a/9ecadf] Submitted process > BAM_Analysis_Module_Picard (3)
[fi/aeTb13] Submitted process > BAM_Analysis_Module_RSeQC (3)
[37/f8cbBe] Submitted process = BAM_Analysis_Module_Picard (4)
[56/4673fa] Submitted process > BAM_Analysis_Module_RSeQC (4)
[8d/d01cSb] Submitted process > BAM_Analysis_Module_Picard (5)
[4e/47441c] Submitted process = BAM_Analysis_Module_RSeQC (5)
[6c/cbe43b] Submitted process > BAM_Analysis_Module_Picard (6)
[64/0b4bag] Submitted process > BAM_Analysis_Module_RSeQC (6)
[43/65a86b] Submitted process > RSEM_module_RSEM_Count

[50/89825a] Submitted process > RSEM_module_RSEM_Alignment_Summary
[9f/883baa] Submitted process > Sequential_Mapping_Module_Merge_TSV_Files
[d0/1199ae] Submitted process > BAM_Analysis_Module_Picard_Summary
[a5/5b0073] Submitted process > BAM_Analysis_Module_RSeQC_Summary
[d4/32e41d] Submitted process > RSEM_module_CountData_DE

[41/f614b3] Submitted process > Sequential_Mapping_Module_Sequential_Mapping_Short_Summary
[76/ea2848] Submitted process > Alignment_Summary

##Pipeline execution summary##

##Completed at: Wed Jan 30 12:31:59 EST 2019

##Duration: 7m 31s

##Success: OK

#H#Exit status: 0

Open Web Link

Figure 3.3: DolphinNext execution logs. From https://dolphinnext.readthedocs.io

3.4.2 Profile module

Commonly, a user may want to configure multiple execution environments according to compu-
tational needs, budget, availability, or other factors. For these reasons, DolphinNext contains a
Profile Module where users can specify and configure their various execution environments across
different platforms (Cloud, HPC, or even a local workstation). In Figure 3.4, the execution envi-

ronment page is shown. In this configuration, a user has added a Host environment, which can be
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an HPC or a workstation, and an Amazon environment, which constitutes an EC2 instance where
pipelines can be executed. When a pipeline is executed, such configurations are transcribed into
the Nextflow layer, which means that DolphinNext encapsulates the configured environments into

Nextflow when a workflow is executed.

User Profile
Run Environments Groups SSH Keys Amazon Keys Google Keys GitHub Change Password
& Run Environments
Show 10 4+ entries Search:
Profile Name Type Details Actions
amazon headnode Host Nextflow Path:/share/garberlab/yukseleo/nextflowruns m

Executor:local
Connection:yukseleo@garberwiki.umassmed.edu

amazon_garberlab Amazen  Nextflow Path: m

Executor:local
Instance_type:m5.large
Image_id:ami-032a33ebe57465518

Showing 1to 7 of 7 entries Previous n Next

Figure 3.4: DolphinNext execution environments. From https://dolphinnext.readthedocs.io

Evidently, by providing profiling, DolphinNext also handles user authentication through vari-
ous methods. By combining profiling with the configured execution environments, users with ad-
ministrative rights can configure authorization policies, which is an important step beyond authen-
tication. This allows an administrator to configure access rights to specific execution platforms,
which is extremely useful in a collaborative environment. In Figure 3.5, the groups configuration
page is displayed. Here, users can be added to groups with specific access and execution rights. As
long as a given user has permissions, it is possible to add and remove users from groups and create
and delete groups as a whole. Once again, this also simplifies execution platform configuration

and allows inexperienced users to use such platforms on a single page easily.

3.4.3 Pipeline Builder module

Regarding Nextflow, it is clear that the main barrier to pipeline reproducibility and shareability
is that it requires learning the provided DSL to develop the pipeline as a whole. The increase in
complexity of bioinformatics pipelines can become a significant issue since it complicates pipeline
maintenance, iteration and collaboration.

The Pipeline Builder module aims to tackle this issue directly by providing a user interface
in which users can entirely create, change and maintain pipelines from scratch. Through this

feature, users can create processes, the building blocks of a pipeline in which a particular set
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Figure 3.5: DolphinNext user groups. From https://dolphinnext.readthedocs.io

of self-contained computations are made. Processes can have a set of inputs and outputs, repre-
senting attributes (such as variables or files) or channels that allow for communication with other
processes. These channels serve as data streams and are a very efficient and intuitive way of pass-
ing information through processes. Users can also select input and output parameters of a given
pipeline with a specific type associated. This allows for type checking when two given processes
are connected, ensuring a channel between processes can only be built if the types are consistent.

Users can insert specific information in the UI when creating a process. For instance, a set of
inputs and outputs can be specified according to existing parameters (which are also configurable).
Further configurations can be made to create inputs and outputs, such as declaring them as optional
and creating operators that will be applied to perform transformations in the data. Another funda-
mental block of a process is the script, which represents the set of computations to be executed.
DolphinNext supports scripts to be written in a variety of languages — Shell scripting, Groovy,
Python, Perl, Ruby and R. This way, it is possible to store all the scripts of a specific pipeline in
a given location and then execute any single or multiple files from a Shell script specified in a
pipeline, allowing for very clean scripts to be created and eases development. Figure 3.6 displays
the page for configuring the mentioned blocks of a process.

Since DolphinNext uses Nextflow’s computational framework, the computations performed
are highly efficient. Besides leveraging parallel execution whenever possible, "whenever two pro-
cesses are connected, a dependency is implicitly defined whereby a process that consumes the
output of another only runs once this output is generated" [34].

When creating a pipeline, users can select from a set of previously created processes and add
them to a new pipeline accordingly, through drag and drop functionalities. The Pipeline Builder
module also offers a revisioning system which is extremely useful since it allows for creating
slightly different versions of pipelines and tracking changes across them. For instance, different
revisions of a pipeline could be created for different pipeline implementations that use different

versions of a specific tool. Besides creating different versions, users can also edit, delete or even
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Input Parameters @ Input Name @ Operators @ Operator Content @ Optional @
Inputs genome (fasta, file) v genome x & 4 }
cellBarcodeFile (txt, file) - seq X & 0O
Add Input.. v
Output Parameters @ Output Name @ Operators @ Operator Content @ Optional @
Outputs Add output. v
) 1 script:
Script 2 filter = genome.name.startsWith('NO_FILE') ? "" : "--filter ${genome}"
3 o
4 your_command --input $seq $filter
5 e
Figure 3.6: Dolphinnext configuration page for a specific process. From

https://dolphinnext.readthedocs.io

share them with other researchers. For this reason, it is also possible to efficiently execute different
versions of a pipeline and evaluate the difference in results, enhancing pipeline comparability.
Finally, this module can generate a PDF document that displays the created workflow, which
facilitates documenting a pipeline.

Another great feature this module provides is native integration with version control systems,
namely Github’. This way, pipelines can be more easily shared across researchers and laboratories.
However, a DolphinNext pipeline can also be downloaded in a Nextflow format and then imported
or exported for sharing pipelines easily if the more common version control is not an option.
Besides that, it also seemingly integrates with CI/CD frameworks, namely Travis-ci®, a primary
CI platform for automated testing. Given the complexity of bioinformatics pipelines, this is a
convenient feature since it automates testing in created pipelines.

Figure 3.7 showcases what a straightforward process created in this module could be. The
larger circle represents a Build_index process, which expects one input (represented by the small
red circle on the process’s outer ring) and an output (represented by the small blue circle on the
process’s outer ring). Input and output objects can also be present in a workflow, where inputs
are yellow circles and outputs are green circles. This colouring scheme is shared across the entire
module to allow for better visualisation. If a given input or output in a workflow is of the same
type as the expected input or output of a specific process, they can be linked, and a channel is
created. Figure 3.8 shows an example of such type verification. This is a useful feature since it
ensures that pipelines can remain consistent during development, avoiding possible inconsistency
issues at runtime.

In Figure 3.9, an RNA-sequencing pipeline, a public pipeline from DolphinNext, is displayed.
This pipeline was built through the Pipeline Builder module and is a good demonstration of the

core components of this module. The larger blue circles represent modules, which are a set of

5https ://github.com/
6https ://travis—-ci.org/
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- Build_index = .
4 # & a
genome index
Figure 3.7: Simple Dolphinnext process with an input and output objects. From

https://dolphinnext.readthedocs.io

related processes that execute a specific computational step of a pipeline. They can be reused
across pipelines and may have inputs (smaller red circles on module ring) and outputs (smaller
blue circles on module ring) specified, which have a specific type. Processes of the pipeline are
the medium-sized grey rings, which also have inputs and outputs associated. Finally, the smaller
circles represent inputs (in yellow) or outputs (in green) of a process or module. Inputs can be
inserted into the pipeline execution page (either by writing the actual values or selecting paths to
input files). In contrast, outputs can be visualized in many ways, as will be described in Section
3.4.4.

3.4.4 Reporting module

The generated results from pipeline executions must be readable and promptly ready for display
to the user. For this reason, DolphinNext comprises a module dedicated to generating clear and
informative reports, which can be flexible to fit a user’s needs.

A convenient feature that this module has to offer is that DolphinNext allows users to visualise
interim data, that is, data generated from intermediate steps of a pipeline. Such interim data is
usually unnecessary in the overall reporting of a pipeline and is only significant for inter-process
communication. However, in many cases, some helpful analyses can be made by analysing such
data. The reporting module offers a set of formats where data can be visualised. The primary

reporting files which are generated are:

* timeline.html: indicates the execution times of each process of the executed pipeline, as

displayed in Figure 3.10

* trace.txt: indicates more specific execution information for each task of the pipeline, includ-

ing execution status and resource usage, as displayed in Figure 3.11

* .nextflow.log: constitutes the logging file that Nextflow provides, as displayed in Figure 3.12
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Figure 3.8: Dolphinnext attribute typing verification. From https://dolphinnext.readthedocs.io

* nextflow.nf: constitutes the Nextflow file that DolphinNext generates from the Pipeline
Builder module, which is in turn executed by the Nextflow driver, as displayed in Figure
3.13

* nextflow.config: represents the config file that is generated from the different configurations

inserted by the user when creating a pipeline, as displayed in Figure 3.14

Besides these standard output files, users can generate different reports from a pipeline exe-
cution, which will all be displayed in the Reports tab of the pipeline execution page, as shown in
Figure 3.15. These can come in various formats, such as R-Markdown (Figure 3.16), Datatables
(Figure 3.17), HTML (Figure 3.18) or PDF (Figure 3.19).

3.4.5 DolphinNext API

DolphinNext also provides an API for fetching existing executions and creating new ones. Re-
quests must contain a bearer that identifies existing users to be valid. The entire API specification
will not be given. However, a sample request for fetching all of the runs for an authenticated user

is described in Listing 3.2. An example response to such a request is displayed in Listing 3.3.

$ curl -X GET 'https://dolphinnext.umassmed.edu/api/service.php?data=getRuns’ \

—-H ’Authorization: Bearer <your-access-token>’

Listing 3.2: Example Dolphinnext API request
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Figure 3.9: DolphinNext RNA-seq pipeline. From https://dolphinnext.readthedocs.io

1

2 "status": "success",

3 "data": {

4 "data": [

5 {

6 "name": "Build index (amazon)",
7 "_id": "234"

8 by

9 {

10 "name": "UMIextract",
11 "_id": "249"

12 by

13 {

14 "name": "test",

15 "_id": "250"

16 }

17 ]

18 }

19 }

Listing 3.3: Example Dolphinnext API response
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logtt  timelinehtml | reporthtml  daghtml  tracett  .nextfowlog  nextflownf  nextflow.config

Processes execution timeline

Launch time: 25 Jan 2019 13:04
Elapsed time: 2m 24s

B 5208

3315/ 24GB

Adapter_Trimmer Quality Module Quality F
Adapter_Trimmer_Quality Module FastQC (1)
RSEM_module_RSEM (1)

BAM_Analysis Module_Picard (1)

BAM Analysis Module R$eQC (1)
RSEM_module_RSEM_Count

tering (1)

34.65/677.6MB
35.35/32.3GB

34.15/0

34.65/31.7MB
BAM_Analysis_Module_Picard_Summary *

BAM_Analysis_Module_RSeQC_Summary 34.22/297 M8
RSEM_module_rMarkDown . : 341570
05
Figure 3.10: timeline.html file. From https://dolphinnext.readthedocs.io
ogtt  timelinehtml  reporthtml  daghtml  tracetxt | .nextflowlog  nextflownf  nextflow.co
task_id hash native_id name status exit submit duration realtime ‘scpu rss vmem rchar  wchar
3 06/364754 1171854 Sequential Mapping Module Sequential Mapping (3) COMPLETED 0 2010-01-30 12:24:30.951 5m 39s 3.1s  137.6% 54.6 MB 218.7 MB 69.1 MB 27.7 MB
1 58/e3080b 1171855 Sequential Mapping Module Sequential Mapping (1) COMPLETED 0 2010-01-30 12:24:31.045 5n 39s 2.7s  136.0% 54.4 MB 218.8 MB 68.9 MB 27.6 MB
2 15/b28£a9 1171856 Sequential Mapping Module Sequential Mapping (2) COMPLETED 0 2019-01-30 12:24:31.118 5n 39s 1.8s  115.5% 49.6 MB 216.8 MB 51.2 MB 8.8 MB
7 25/7¢<877 1171860 Adapter_Trimmer_Quality Module FastQC (1) COMPLETED [ 2019-01-30 12:24:31.419 5m 40s 7.8s 87.6%  194.4 MB 2.4 GB 37.9 MB 1.2 MB
8 £9/67896c 1171861 Adapter_Trimmer_Quality Module FastQC (2) COMPLETED [ 2019-01-30 12:24:31.516 5m 405 7.7s 77.7%  189.3 MB 2.4 CB 35 MB 1.6 MB
9 22/39d£65 1171862 Adapter_Trimmer Quality Module FastQC (3) COMPLETED 0 2019-01-30 12:24:31.588 5m 43s 7.7s 85.7%  191.9 MB 2.4 CB 38.7 MB 1.6 MB
10 8b/1e0e05 1171863 Rdapter Trimmer Quality Module FastQC (4) COMPLETED [ 2019-01-30 12:24:31.659 5m 43s 7.7s 84.7%  104.9 MB 2.4 CB 36.5 MB 1.6 MB
11 52/c£03£6 1171864 Adapter Trimmer Quality Module Fast{C (5} COMPLETED [ 2019-01-30 12:24:31.726 5m 43s 5.7s 77.08  108.3 MB 2.3 B 19.7 MB 50.3 KB
12 £6/dB£81a 1171865 Adapter Trimmer Quality Module FastC (6) COMPLETED o 2018-01-30 12:24:31.795 5m 43s 5.7s 79.6%  125.8 MB 2.3 6B 19.7 MB 50.9 KB
14 3d/0579dd 1172347 Sequential Mapping Module parseBow (1) COMPLETED 0 2019-01-30 12:30:10.174 34.7s  79ms  0.0% 0 ) 0
17 52/22££50 1172353 RSEM_module RSEM (3) COMPLETED 0 2019-01-30 12:30:10.533 34.65 5.65 134.3% 64.2 MB 677.6 MB 22.6 MB 2.6 MB
18 b7/757bd9 1172354 Sequential Mapping Module parseBow (3) COMPLETED 0 2019-01-30 12:30:10.601 34.7s  150ms  0.0% 0 0 0 0

Figure 3.11: trace.txt file. From https://dolphinnext.readthedocs.io

log!

Jan-30 12:24:30.612 [main] DEBUG nextflow.processor.Pre 'y - »> pr pe: 'lsf’

Jan-30 12:24:30.612 [main] DEBUG nextflow.executor.Executor - Initializing executor: lsf

Jan-30 12:24:30.613 [main] DEBUG n.executor.AbstractCridExecutor - Creating executor 'lsf' > queue-stat-interval: lm

Jan-30 12:24:30.613 [main] DEBUG nextflow.Session - »>> barrier register (process: Sequential Mapping Module Merge TSV Files)
Jan-30 12:24:30.613 [main] DEBUG nextflow.processor.TaskProcessor - Creating operator > Sequential Mapping Module Merge TSV _Files
Jan-30 12:24:30.639 [main] DEBUG nextflow.processor.ProcessFactory - << taskConfig executor: lsf

Jan-30 12:24:30.639 [main] DEBUG nextflow.processor.Prr y - >> pr pe: 'lsf’

Jan-30 12:24:30.640 [main] DEBUG nextflow.executor.Executor - Initializing executor: 1sf

Jan-30 12:24:30.640 [main] DEBUG n.executor.hbstractridExecutor - Creating executor 'lsf' > queue-stat-interval: lm

Jan-30 12:24:30.641 [main] DEBUG nextflow.Session - >»> barrier register (process: Sequential Mapping_Module Sequential Mapping_Short Summary)

Jan-30 12:24:30.641 [main] DEBUG nextflow.processor.TaskProcessor - Creating operator > Sequential Mapping Module Sequential Mapping Short Summary -- maxForks: 36

Jan-30 12:24:30.643 [main] WARN nextflow.script.ScriptBinding - ~params.RSEM reference path’ is defined multiple times -- Assignments following the first are ignored

Jan-30 12:24:30.649 [main] WARN nextflow.script.ScriptBinding - ~params.RSEM calculate expression path™ is defined multiple times -- Assignments following the First are ignored
Jan-30 12:24:30.649 [main] WARN nextflow.script.ScriptBinding - “params.bowtie dir” is defined multiple times -- Assignments following the Eirst are ignored

Jan-30 12:24:30.645 [main] WARN nextflow.script.ScriptBinding - “params.bowtie dir’ is defined multiple times -- Assignments following the first are ignored

timeline.htm| report.html dag.html trace.txt .nextflow.log nextflow.nf nextflow.config

maxForks: 36

Figure 3.12: .nextflow.log file. From https://dolphinnext.readthedocs.io

log.txt timeline.html eport.html dag.html trace.tx .nextflow.log nextflow.nf

params.trimmomatic_path = "" //* Rinput
Adapter Sequence = "" //* @textbox @description:"Removes 3' Adapter Seguences. You can enter a single sequence or multiple sequences
ftooltip: "Trimmomatic is used for adapter removal”

if (!((params.run_Adapter_Removal && (params.run_Adapter_ Removal "yes")) || lparams.run Adapter Removal)){
g_7_reads_gl2l_O.into{gl2l_0_reads_gl2l_1}
} else {
process Adapter Trimmer Quality Medule Adapter Removal {
input:
set val{name), file(reads) from g 7 reads gl2l 0
val mate from g_B_mate_gl2l_0
output:
set val(name), file("reads/*") into gl21_0_reads gl21_1
when:
(params.run_Adapter_Removal && (params.run_Adapter Removal == "yes")) || lIparams.run_Adapter_Removal

Figure 3.13: nextflow.nf file. From https://dolphinnext.readthedocs.io

logtt  timelinehtml  reporthtml  daghtml  tracest .nextflowlog  nextflownf | nextflow.config

process.container = '/project/umy_biocore/| Larit i i latest.simg'
singularity.enabled

-bind /project =-bind /share =-bind /nl’

tine .
process.clusterOptions = '-E "file /home/oy28w && file /usr/local && file /share/data’ '

Figure 3.14: nextflow.config file. From https://dolphinnext.readthedocs.io
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Figure 3.15: Generated reports from an execution. From https://dolphinnext.readthedocs.io

8 Rsem Module Rsem Rmarkdown
[3 DE_cutoff10.rmd > B &

DE_cutoff5.rmd
B DE_cutoffs.rm 3]. DESeq ANALYSIS

€ R-Markdown

3]. DESeq ANALYSIS

In this case a total sum of 10 counts separates well expressed from non-

In this case a total sum of 10 counts separates well expressed expressed genes. You can change this value and padj value and

from non-expressed genes. You can change this value and padj value and
log2FoldChange cutoffs according to your data

“{r, echo-FALSE, message-FALSE
conds factor( c("cont", "cont", "cont", "treat","treat","treat"
avgall<-cbind(rowSums(datal cols[conds levels(conds)[1 Sy
rowSums (data[ cols[conds levels(conds)[2 8
colnames(avgall)<-c(levels(conds)[1], levels(conds)[2

gdat<-data.frame(avgall
de_res runDESeq(data, cols, conds, padj=0.01, log2FoldChange=1, non_exp
overlaid_data overlaySig(gdat, de_resires_selected
ggplot
geom_point(data-overlaid_data, aes_string(x-levels(conds)[1
scale_colour_manual(values=c("All"="darkgrey","Significant
scale_x_logl@: scale_y_logl@
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The Second way to visualize it, we use MA plots.
For MA Plot there is another builtin that you can use

“{r, echo=FALSE, message=FALSE

log2FoldChange cutoffs according to your data

cont

Figure 3.16: Generated R-Markdown report. From https://dolphinnext.readthedocs.io

[} Alignment Summary Summary

EB summary_data.tsv

Show 10 4 entries

sample i Total Reads Multimapped Reads Aligned (HISAT2) Unique Reads Aligned (HISAT2)
control_repl 34,095,555 6,930,356 (20.33%) 17,396,398 (51.02%)
control_rep2 16,140,726 3,077,602 (19.07%) 8,785,299 (54.43%)

control_rep3 9,776,923 1,820,641 (18.62%) 5,581,153 (57.08%)

exper_repl 22,160,338 4,705,020 (21.23%) 9,960,562 (44.95%)

exper_rep2 25,985,455 5,873,918 (22.60%) 12,159,850 (46.79%)

exper_rep3 9,570,591 1,860,764 (19.44%) 5,113,329 (53.43%)

Showing 1to 6 of 6 entries

BB Table

Search:

Multimapped Reads Aligned (RSEM)
8,523,045 (25.00%)
4,195,744 (25.99%)
2,360,003 (24.14%)
6,958,185 (31.40%)
5,883,794 (22.64%)

2,704,628 (28.26%)

Unique Aligned R
15,543,118 (45.599
7,854,486 (48.66%
4,940,131 (50.53%
9,523,233 (42.97%
12,354,581 (47.549

4,722,178 (49.34%

Figure 3.17: Generated Datatables report. From https://dolphinnext.readthedocs.io
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Figure 3.18: Generated HTML report. From https://dolphinnext.readthedocs.io
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Figure 3.19: Generated PDF report. From https://dolphinnext.readthedocs.io



Chapter 4

Proposed Solution: A Platform for
Reproducible Pipelines

In order to fully understand the current limitations of the leading frameworks offering reproducible
bioinformatics pipelines, it is crucial to recreate an execution of an external pipeline and analyse
the main issues and missing features in said platforms. This proposal consists of reproducing a
preprocessing pipeline in DolphinNext, in a local workstation, recreating a real-world use case
in which a pipeline is shared between researchers. When performing said implementation, im-
provements and solutions for some present issues will also be proposed to further contribute to
the capabilities of DolphinNext. In Chapter 5 the details of this implementation will be further
described.

4.1 Reproducibility model

In Section 2.4.1, the AIRR Data Model was introduced. This model explains how data should be
collected and documented, mainly at an experiment level. However, with the increasing complex-
ity of bioinformatics pipelines, extending the standardisation and best practices established in the
data analysis domain has become increasingly important. To this effect, a complete data analysis
reproducibility model is proposed in Appendix A.

This model is heavily based on the MiAIRR Data Model regarding the data descriptive entities.
However, it was extended to cover and detail the most crucial analysis objects so that the analysis
execution process can be better standardised. Since Nextflow has become increasingly relevant
and familiar for analysing NGS data, the entities described in this model are also based on some
of the most crucial Nextflow components. This ensures that researchers can more easily document
their pipelines and implement the standardization model directly through Nextflow pipelines.

Table 4.1 briefly describes all of the entities represented in the proposed model present in

Appendix A.
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4.1 Reproducibility model

Table 4.1: Reproducibility model classes description

Entity Description

Subject Information about the study cohorts and individual
subjects, including species, sex, age, and ancestry

Repertoire Represents a set of samples collected from a given
individual, at a specific point in time

Study Information about the experimental study design, in-
cluding the title of the study, laboratory contact in-
formation, funding, and linked publications

Species Group of individuals that carry reproducibility capa-
bilities between them

GermlineDatabase Described the database in which germline informa-
tion is present, which is often used in specific anal-
ysis tools

Sample Information about the origin and expected composi-
tion of the biological sample

WorkflowInput Defines the expected input of a workflow as a whole

UMI Constitutes an index that provides error correction
and increased accuracy during sequencing

Read Sequence of base pairs from a DNA fragment

Primer Describes the primer used in a given database col-
lection

ComputationalPrimer | Computational information that has the effect of a
primer, in the data analysis stage

Workflow Represents a complete bioinformatics pipeline

WorkflowOutput Represents the expected output of a workflow as a
whole

ProcessingReport Generated report for a pipeline execution

File Represents a single file which can have any exten-
sion

Configuration Describes a configuration instance, which can be a
file or attribute

Process Single self-contained computational block

Executor Execution environment

Directive Optional settings for executing a process

Condition Optional condition which must be satisfied for a pro-
cess to be executed

Script Computational block which is executed

Command Individual instruction to be executed in a scrips

Tool Software program which is used with a specific pur-
pose

ProcessInput Expected input of a process

Process output Expected output of a process

Channel Data stream where information can be carried be-
tween processes

Operator Methods for filtering or transforming information
exchanged between processes

DataProcessing Information about the raw sequencing processing

ReadingTechnique

Technique used in the collection of Reads
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4.2 Current limitations in Nextflow

With the release of Nextflow, researchers were given a framework for creating very reproducible
pipelines in fully containerised environments. This was a significant step toward reproducibility
since a pipeline could be executed across different machines without any previous configurations
required. However, in reality, many other factors contribute to the reproducibility of a pipeline
which may not be directly associated with its execution. Even if a pipeline is fully modularised and
packaged into a container (which can very quickly be deployed without any further configuration)
it is vital that the processes, tools, and parameters are well described and documented, given that
different releases of a single tool can lead to reproducibility unnoticeable issues [15]. The fact that
an entire pipeline is encapsulated into a containerised environment can be counter-productive since
it hinders the ability to describe it accurately. Nextflow processes, workflows or even complete
pipelines can commonly feel like black boxes to researchers trying to reproduce them. Currently,
this is one of the main concerns regarding the reproducibility of pipelines that Nextflow does not
address.

The specific Nextflow DSL syntax, despite being extremely efficient and valuable, has a learn-
ing curve. Besides being time-consuming, the main concern is that researchers unfamiliar with
the technology cannot fully understand implemented pipelines, even if they can easily be fully re-
produced. Besides, the fact that pipelines are built through the DSL means that maintaining them
or even performing small changes can be difficult. This is also a significant issue since pipelines
often suffer minor changes and iterations, or even significant changes in processing steps or, more
specifically, the tools used. Difficulties in maintenance can hinder the quality of the analysis being
made. The lack of a graphical interface is another main downside in useability since pipelines re-
quire extensive documenting, which proves to be difficult and time-consuming since various tools
and dependencies are used.

Therefore, the concept of reproducibility should be extended to encapsulate the ability to be
not only duplicated but also understood by an external researcher. This is of extreme importance
since it dramatically facilitates collaboration between laboratories and researchers in the sense
that researchers can benefit from other tools or analysis methodologies being used by others. By
facilitating the exchange of such information, it is expected that new analyses will be performed
across different datasets and in novel applications, which can improve the studies being made.

For these reasons, there is a clear need for a platform that addresses the main limitations of
Nextflow while leveraging all of its main features concerning computational efficiency and re-
producibility. DolphinNext can be a practical option since it acts as a layer on top of Nextflow,
offering features that tackle some of the issues described above. In order to understand if Dolphin-
Next is fit to serve as a solution for such needs, a set of requirements for a platform which offers
fully reproducible creation, management and execution of bioinformatics pipelines is described in

the next section.
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4.3 Requirements of a Platform for Reproducible Pipeline

After pointing out the current limitations of data analysis frameworks, it is important to understand
the possible optimizations and improvements in pipeline reproducibility. To this effect, a set of

research questions which should be answered can be defined:
* RQ1: How can a bioinformatics pipeline be described?
* RQ2: What factors truly contribute to a pipeline’s reproducibility?
* RQ3: How can containerization and orchestration be leveraged to improve reproducibility?

* RQ4: How can continuous integration tools be leveraged to improve workflow manage-

ment?

* RQS5: How viable is cloud computing in bioinformatics analysis, both in computational

capabilities and cost?
* RQ6: How shareable can pipelines be even in a completely portable environment?
* RQ7: How can we compare executions and calculate output similarity?

There are currently numerous frameworks and platforms which offer reproducible pipeline
execution. To better understand the current limitations these platforms contain, it is essential to
collect a set of features that these platforms should offer.

In order to improve shareability and implement an authorisation later, platforms must offer
access control so pipelines can be shared and modified as expected. To this effect, a set of actors
representing the platform’s different users can be defined, given their expertise level, domain and
responsibility. By creating these different roles and user profiling, user permissions can be delim-
ited to a fine grain, easing collaboration and building safety mechanisms into the pipelines. A set
of users of a reproducibility platform is proposed in Table 4.2.

In order to fully understand the required features of the reproducibility platform, a set of user
stories can also be defined, as shown in Table 4.3. Even though it is hard to summarize the required
features of such a complex platform in a single table, the proposed user stories can represent the
core features which focus on describing and documenting bioinformatics pipelines, as well as
facilitating collaboration between researchers wishing to execute different bioinformatics pipelines
across a variety of environments.

It is evident that the requirements do not share equal levels of importance. To this effect, the
Priority score of the User Stories is a good way of evaluating how crucial they are, given that some

are not as significant as others.

4.4 Methodology

After establishing these requirements, it is clear that DolphinNext provides a solution for most of

the current reproducibility issues, mainly through its Pipeline Builder module. However, it is still
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Table 4.2: Actors for pipeline reproducibility platform

Identifier | Name \ Job Notes
Al System developer Designs the entire system | Should be a knowledge-
able software engineer
A2 Process developer Builds individual pro- | Not necessarily an engi-
cesses or modules which | neer, but probably should
can then be combined | have some related knowl-
into a pipeline edge. Must have an un-
derstanding of the tools
being implemented in the
created process
A3 Pipeline developer Combines processes into | Must understand the ex-
a pipeline pected data analyses as a
whole. Should not need
to be a software engi-
neer. Should understand
what the various parame-
ters and tools compute
A4 Pipeline user Executes the pipeline. | Should use an interactive
Creates a  complete | interface and understand
pipeline and respective | what the pipeline input
configuration which can | parameters must be.
be simply executed
A5 System admin Set up and configure | Includes interfacing with
pipeline running environ- | Cloud providers, clusters,
ments and others.
A6 Pipeline investigator (1) | Replicating previous | Extension of A4
work
A7 Pipeline investigator (2) | Comparing outputs of | Extension of A3
pipelines
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Table 4.3: User Stories for pipeline reproducibility platform

Identifier Name Priority Description
US101 Create process High As a User, I want to be able to create a
new process, in order to perform self-
contained and well-defined operations
US102 Create channel High As a User, I want to be able to create a
new channel, in order to establish com-
munication lines between processes
US103 Create input High As a User, I want to be able to create
a new input, in order to declare an ex-
pected process input
US104 Create output High As a User, I want to be able to create a
new output, in order to declare an ex-
pected process input
US105 Create script High As a User, I want to be able to create a
new script, in order to perform a given
computation.)
US106 Connect script to | High As a User, I want to be able to connect
process a script to a process, in order to execute
a set of commands in such process
US107 Connect input to | High As a User, I want to be able to connect
process an input to a process, in order to feed
data into processes
US108 Connect output to | High As a User, I want to be able to connect
process an output to a process, in order to re-
trieve data from processes
US109 Connect channel to | High As a User, I want to be able to connect a
process channel to a process, in order to estab-
lish communication between processes
US110 Save workflow to | Medium As a User, I want to be able to save a
JSON current workflow to a JSON file, in or-
der to store the pipeline information
USI11 Generate workflow | Low As a User, I want to be able to generate
graph a workflow graph from a JSON file, in
order to visually analyse a pipeline
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a recent platform which needs to be thoroughly tested with real-world bioinformatics pipelines
since it has some limitations.

Implementing a reproducibility platform similar to DolphinNext, with features in the estab-
lished requirements and missing from DolphinNext, would be extremely challenging and time-
consuming. Since the platform is open-source, it would be a significantly better option to con-
tribute to it or even implement the changes in a private repository and serve the improved version
on a proprietary server.

For that reason, the work described in Chapter 5 will focus on implementing a bioinformatics

pipeline in DolphinNext, while documenting the main hurdles of using the platform.

4.4.1 Preprocessing pipeline

In order to thoroughly test the DolphinNext platform, it is essential to implement an objective
analysis pipeline and achieve consistent and reliable results, as would be possible through a plain
Nextflow execution. Therefore, a bioinformatics pipeline written in the Nextflow DSL will be
transcribed into DolphinNext and built through the Pipeline Builder module. This pipeline was
written by the Gur Yaari lab' and is, in essence, a preprocessing pipeline. Its main goal is to
preprocess the input data to transform it into a better format for alignment. In this implementation,
the input data will be fastq files containing Covid samples from a given individual.

The fastq files which are input to the preprocess pipelines go through some transformations
employed by some bioinformatics tools. Firstly, pRESTO?, which is a tool for processing raw reads
from high-throughput sequencing of B-Cell Repertoires (BCR) and T-Cell Repertoires (TCR) [9].
At a later stage, the IgBLAST tool is implemented to further analyse BCR and TCR sequences.
IgBLAST leverages the BLAST search algorithm, a specialised algorithm that forms alignments
from short common patterns in sequences [14]. Furthermore, it reports the germline V, D and J
gene matches in a given sequence.

The preprocessing pipeline should be represented fully in the Pipeline Builder module, includ-
ing every process, channel, input and output. Further, and perhaps most importantly, every analysis
tool should also be implemented, considering the correct version of each software package.

Since a single pipeline will be executed in a completely different framework, this implemen-

tation will be a practical test for the reproducibility features offered by DolphinNext.

4.4.2 Comparing outputs of different pipeline executions

Some bioinformatics analysis tools introduce a certain level of non-determinism into a pipeline
since their outputs can vary across executions. A pipeline’s reproducibility can be an issue since
the results must be consistent across different executions. Therefore, it is crucial to evaluate the

consistency of a pipeline’s execution across different builds.

"http://yaarilab.com/
2https://presto.readthedocs.io/
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Besides that, understanding the impact that some changes in specific steps of a bioinformatics
pipeline carry is crucial for its evolution, maturing and fine-tuning. Understanding how the results
are affected by specific execution parameter changes, software tool version upgrades or any other
changes is crucial in developing relevant and valuable bioinformatics pipelines.

For these reasons, tracking and comparing output results across different builds is crucial to
get more reliable and accurate results. In order to study the output similarity of the outputs of
two different DolphinNext pipeline versions, two different revisions of the preprocessing pipeline
will be implemented. The different versions and their description will be discussed in Section
5.2. Finally, the results obtained from the analysis of both pipeline versions across both similarity
analysis tools will be discussed in Section 6.2.

In this similarity study, the main objective is to analyse the output consistency of DolphinNext
executions and to implement a common use-case of bioinformatics pipelines, in which a researcher

wishes to understand the impact of a change in the pipeline output.



Chapter 5

Implementation

This chapter will present an implementation of a preprocessing pipeline in DolphinNext. The
pipeline should be built fully through the Pipeline Builder module and executed in a containerised
environment on a local workstation, representing a common use case for sharing and reproducing

a bioinformatics pipeline.

5.1 DolphinNext implementation

In order to test the usability and relevance of DolphinNext in the reproducibility context, it is
crucial to implement an actual pipeline in the platform and perform a deep analysis of the devel-
opment, execution and reporting process. Besides that, it is also important to analyse different
executions and achieve as consistent and reliable results as possible through a plain Nextflow exe-
cution. Therefore, the preprocessing pipeline described in Section 4.4.1 will be fully implemented
in the platform through the Pipeline Builder module and accordingly executed and analysed.

5.1.1 Local Server deployment and pipeline execution framework

To test the portability of DolphinNext and its execution of pipelines through Docker in a local
workstation, a DolphinNext local server will be deployed to a single machine, where multiple
executions of the preprocessing pipeline will be performed. DolphinNext offers a pre-configured
Docker image ! which can build and deploy a local server of the platform. In order to execute
a dockerised pipeline in a local workstation that is executing a DolphinNext server, some neces-
sary configurations are necessary since Nextflow does not seem to support this feature currently.
However, it supports out-of-the-box pipeline executions through Singularity, which raises some
questions as to why Docker is not supported without further configurations.

As mentioned previously, this execution framework will be deployed in a local workstation,

which must have Docker installed. All the containers, volumes and images necessary for this

lhttps ://github.com/UMMS-Biocore/dolphinnext-studio/blob/master/Dockerfile
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framework will share the same docker daemon. Since Nextflow launches Docker containers for
the different computing processes of a pipeline (not necessarily in a 1-to-1 fashion), there will be
a given number of containers being deployed (not all at once) according to Nextflow’s job sched-
uler. These computational processes will be executed in containers generated from pre-configured
Docker images, which should contain all the necessary dependencies for the pipelines to execute
as expected. Note that it is also possible to specify different Docker images for different pro-
cesses. However, this seems to be an unnecessary overhead for the relatively small pipeline which
is being implemented. Some platforms, such as imcantation”, offer previously configured Docker
and Singularity images that support the most common tools and dependencies in bioinformatics
pipelines.

Volumes must be configured for information to flow between the host filesystem and the
containers. In this model, there are three proposed volumes to be mounted. The first one is a
DIND (Docker In Docker) volume, which is necessary for a container to launch another child
container. This is because a Docker container launched from another uses the parent’s Docker
daemon. Therefore, it is necessary to mount a volume from the Host’s daemon socket into the
child container. Besides that, the DolphinNext Database should also be mounted into a volume to
ensure data preservation after containers are terminated. This means that user accounts, pipelines,
processes, environments and groups can be reused. Finally, another volume can be mounted in
order to transfer specific data for a pipeline into the pipeline containers. This ensures that data
can be preserved in a privacy-preserving manner and is only accessed by pipeline-specific con-
tainers. Figure 5.1 displays the architecture for executing bioinformatics pipelines through the
DolphinNext Local Server, following a DIND configuration.

The Docker stack created for developing the DolphinNext Local Server, capable of execut-
ing dockerised bioinformatics pipelines through DIND, is presented in Appendix B. The stack
consists of a docker-compose service (consult Section B.2) which deploys a container from a pre-

configured Dockerfile (consult Section B.1).

5.1.2 Workflow

The preprocessing pipeline was, in its original Nextflow implementation, comprised of 13 pro-
cesses which follow a linear sequence. This pipeline receives, as input, Chain and Subject vari-
ables, which can be defined in the Pipeline Builder Ul. Through these inputs, the get_source
process fetches the corresponding reads that should be used in the pipeline. At the end of the
workflow, a set of fab files comprise the output of the pipeline. This set of files contain spe-
cific information regarding the sequence alignments found and can be displayed in a very explicit
Datatable format. Figure 5.2 displays this workflow created.

Among the 13 specific processes, some processes are intrinsically related and can be encap-

sulated into modules. This can very easily be implemented without needing to start from scratch.

Zhttps://hub.docker.com/r/immcantation/suite/
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Figure 5.1: Pipeline execution framework for Docker deployments in local workstations

In order to keep both implementations, it is possible to copy the pipeline created previously into a

new one, which will then be Modularized, as described in Figure 5.3.

5.2 Experimental pipeline revisions

Given the experimental nature of bioinformatics pipelines, DolphinNext must support the creation
of different revisions for a single pipeline. That way, a pipeline’s core infrastructure and config-
urations are preserved, while more minor changes can be employed (for instance, updating the
version of a specific tool).

In order to test such capabilities, a new revision of the preprocessing pipeline was developed.
In such revision, an execution-specific parameter for the pPRESTO? assembling step was changed,
specifically, the MAX_ERROR parameter. This value represents the maximum error rate for a
valid assembly. Therefore, by increasing the value of this parameter, it is expected that the number
of sequences in the output is more extensive, even if only by a minor factor.

When creating a new revision with the updated execution parameters, it was possible to du-
plicate the previous preprocessing pipeline so that all the previous configurations were not lost.
The following implemented changes were then tracked across the new revision, even though the
pre-configured execution environments could be shared across revisions. The output files from
both versions were always kept separately and never contaminated, which is essential.

A short description of the two versions are described in Table 5.1.

3https ://presto.readthedocs.io/
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Figure 5.2: First implementation of the preprocessing workflow

In order to analyse the similarity of execution output of both pipeline versions, a set of tools
will be used. Firstly, CompAIRR is a very appropriate tool in the context of the preprocessing
pipeline since it is well-tailored for AIRR-seq data. Specifically, it is a command-line tool for
calculating AIRR intersections and, in essence, studying the similarity of repertoires [24]. By
combining different analysis methods across different vectors, it is possible to perform very de-
tailed similarity calculations across output files and develop a good understanding of execution
output consistency across a different build of a single pipeline or even of the results given by
different versions of a pipeline.

Another tool, developed by the Gur Yaari lab, will also be used for analysing the similarity of
different outputs. Even though this tool is in active development and a prototype phase, it is mature
enough to help provide some conclusions. The comparison tool takes in two csv files and performs
some operations to understand their similarity level. Firstly, the number of common attributes in
the files is calculated, as well as the number of extra attributes in each one (the number of attributes
only present in one file).

In Section 6.2, the results of these comparative studies will be analysed.

Table 5.1: Preprocessing pipeline versions

Pipeline Version | Description

preprocessing_V1 | Original provided pipeline, without any modifica-
tions.

In this version, MAX_ERROR =0.3
preprocessing_V2 | Modified variant of preprocessing_V1.

In this version, MAX_ERROR = 0.6
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Figure 5.3: Modularized implementation of the preprocessing workflow

5.3 Versioning tool

When executing bioinformatics pipelines in containers originating from pre-configured Docker
images, it can become challenging to keep track of the different versions of the used dependencies.
This can hinder pipeline reproducibility since tracking versions is a crucial step toward creating
well-defined and documented pipelines and ensuring their correct execution.

For this reason, there is clear value in developing a tool that outputs versions of a set of
common bioinformatics tools. This tool can then be integrated into DolphinNext or any other
workflow execution platform as a process. This way, the versions of all the tools are always fetched
during each execution and can be outputted to a file or generated report. An implementation of
such a platform is proposed in Appendix C, which currently supports USEARCH* and MUSCLE?,
which are tools used in the preprocessing pipeline being used in the current study. However, this
can easily be extended into supporting any other bioinformatics tools.

The development and integration of this tool into the preprocessing pipeline further improves
its reproducibility and documentation, which is an important feature that could also be supported

by DolphinNext or any other platforms.

4https ://bio.tools/usearch
5https ://bio.tools/muscle
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Chapter 6

Results

After completing the implementations described in Chapter 5, it is vital to study the obtained
results. Firstly, the reproducibility of the pipeline executions performed will be analysed, pro-
viding an insight into how DolphinNext can further assist researchers in duplicating executions
across machines and laboratories. Besides that, a deeper insight into the comparability of different
pipelines will also be made. This is especially relevant since pipeline reproducibility and com-
parability are related, and providing an accurate and efficient comparability framework can also

improve and further test a pipeline’s reproducibility.

6.1 Reproducibility of the preprocessing pipeline

After studying different reproducibility platforms, it is clear that DolphinNext is the most com-
plete. The fact that it supports every stage from a pipeline’s creation to its maintenance, versioning
and distribution is advantageous and relevant for the current state of bioinformatics analysis. The
work implemented in this document shows DolphinNext’s importance and proves its capabilities
in actual pipeline development and analysis. In order to analyse the results obtained from the pre-
processing pipeline implementation, some specific aspects of the implementation can be reviewed

in greater detail.

6.1.1 Pipeline versioning

Different versions of the preprocessing bioinformatics pipeline were implemented by making
slight changes in the original pipeline. The first approach was transcribing a Nextflow pipeline
into DolphinNext from scratch through the Pipeline Builder module. Even though this first im-
plementation was fully functional, it was not modularised, which meant that blocks of processes
which belong to the same processing stage were not grouped. By modularising related processes,
larger computational blocks were created, improving readability and allowing for future reusabil-

ity across other pipelines. For these reasons, a second, modularised pipeline was created.

45
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Given the complex nature of bioinformatics tools, coupled with the extensive number of tools
being implemented, it can be difficult to fine-tune their specific execution parameters to better
fit the user’s needs. To evaluate the overhead of making such changes in DolphinNext, another
version of the preprocessing pipeline was implemented. This third version pipeline had a change
in the assembly step, where the maximum error rate for an assembly to be considered valid was
increased. By implementing such change, it was expected that the number of sequences in the
output.

In Section 6.1.2, the execution outputs across the different implemented versions will be eval-

uated.

6.1.2 Output consistency

All the different executions of the preprocessing pipeline were performed in Docker containers on
a local workstation, through the Local Server framework proposed in Section 5.1.1.

A deeper look into the generated Nextflow code showed that is is not very readable and can be
slightly confusing for inexperienced users. However, since DolphinNext provides an abstraction
layer over Nextflow, this does not represent a significant issue. Since the Nextflow DSL is exten-
sive, there are multiple different ways of implementing a specific bioinformatics pipeline which
will output the same results. However, DolphinNext seems to generate reliable and well-formatted
code, which is crucial to ensure that pipelines execute as expected. Even though the original
Nextflow code for the preprocessing pipeline is different to the code generated by DolphinNext,
the output results were an exact match across multiple different execution. This indicates that the
preprocessing pipeline is deterministic, which was to be expected since it is deployed in Docker
containers and does not implement ML tasks which may be non-deterministic.

Both the non-modularised and the modularised versions of the preprocessing pipeline provided
equivalent output files, which were also an exact match.

The third version of the pipeline, with the change in the allowed error rate in preprocessing
tasks, also had expected outputs, given that there were a greater number of sequences compared

to the first and second implementations of the pipeline.

6.1.3 Generated reports

In general, the execution reports generated by DolphinNext and Nextflow were very useful for
better understanding the limitations of the implemented pipeline.

By understanding the computational strain that the different processes put on the execution
machine, researchers can identify possible bottlenecks and change the execution machines to bet-
ter fit the computational requirements accordingly. Figure 6.1 demonstrates the Resource Usage
section of the Nextflow report, where the ighlaststep process was found to be very computationally

expensive.
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Resource Usage

These plots give an overview of the distribution of resource usage for each process.
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Figure 6.1: Resource usage

Similar conclusions can be drown from analysing the execution times of each process. In

Figure 6.2, the execution times of each process are shown. It is evident that the assembly module

is executing in over 17 hours, which is extremely long.
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Figure 6.2: Process execution timeline

Finally, a Tasks tab is also displayed in the generated execution reports. This report compiles

different information into a selected format, which in Figure 6.3 is displayed in a Human readable

format.

Simply from analysing these three small reports, some important conclusions were made with

regards to the pipeline’s efficiency and current bottlenecks. This showcases the value of the reports

generated for each execution. By having different reports for each version of a single pipeline,
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Tasks

This table shows information about each task in the workflow. Use the search box on the right to filter rows for specific values. Clicking headers will sort
the table by that value and scrolling side to side will reveal more columns.

Values shown as: Human readable ¢

Show 25 v entries Filter: BUEGIENVEEREICERMN N - Search:
allocated allocated
task_id process tag status hash cpus %cpu memory Y%mem vmem rss peak_\
1 get_source - [ cACHED | 15/691fd1 6 875 32.000 GB 0.0 0 0 0
2 tag_umi - [cAcHED] 7e/2815d9 6 321 32,000 GB 1.2 1173GB 94734  11736G
MB
3 tag_isotype - [ cacHED | 78/7b8351 6 81.2 32.000 GB 12 1173GB  95.281 11736
MB
4 filter_seq - [cacHeD ] 10/943adf 6 26.0 32.000 GB 0.1 12,152 8.230 121911
MB MB
5 group_umi = [ cACHED | 90/ae275d 6 26.3 32.000 GB 0.9 81.625 78.008 81.664
MB MB
6 align_group - [ cAcHED ] 22/884a0e 6 99.5 32.000 GB 1.2 1173 GB 95.797 1173 G
MB
7 build_cons = [ cACHED | a8/5a62a6 6 945 32.000 GB 0.1 16.023 11.383 15.063
MB MB
8 assemblestep - ac/482b68 6 1021 32.000 GB 15 1.262 GB 122.910 1.262 C
MB

Figure 6.3: Execution tasks

researchers can very easily analyse the impact that implemented changes have on performance, as

well as generated outputs.

6.2 Analysing similarity levels of different pipeline outputs

Through CompAIRR, the overlap of outputs of the different pipeline versions can be analysed.
Since the preprocessing_v1 and preprocessing_v2 versions are very similar, the overlap is
expected to be large. Since in preprocessing_v2 MAX_ERROR = 0.6, the number of sequences in
this version is expected to be larger than on preprocessing_vl.
Some of the findings from execution of the comparison tools suggested in Section 5.2 are
described in Table 6.1.

By analysing the results, it is clear that they are consistent and expected.

Table 6.1: Preprocessing pipeline comparison results

Pipeline Version | Attributes | Sequences
preprocessing_V1 | 6 3607
preprocessing_V2 | 6 3609
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Firstly, the number of attributes in both output sets is consistent (6). Since no change was
made in the selected output format, it proves that DolphinNext provided consistent executions of
different pipeline versions without issues in the output format. Since the output data is expected
to follow a specific format (in this case, the AIRR format), this is crucial because it allows for the
correct examination and interpretation of output data.

Secondly, the number of sequences in both outputs shows a slight difference (3607 in prepro-
cessing_VI and 3909 in preprocessing_V2). Once again, this is expected since the MAX_ERROR
execution parameter was increased in preprocessing_V2, which is expected to increase the num-
ber of sequences aligned. Even though the increase is relatively low, this is due to the small data
samples used in this specific analysis. It is expected that, with larger samples, this value of the
difference in sequences would be much more significant. Nevertheless, this result is expected and
once again showcases that it is possible to draw interesting conclusions from executing different
versions of a pipeline, providing valuable insights into how the pipeline outputs change when such
changes are implemented.

The results presented here serve as a validation for the specific change implemented. However,
many other conclusions can be made by executing CompAIRR, specific to the AIRR data being
analysed. Even though the tool has some minor limitations (mainly by assuming that the data
present in the output files is always clean and correct), it is a potent and efficient tool.

By analysing such results, it is clear that comparability tools can offer a deep understanding
of the impact of a given set of changes in a bioinformatics pipeline. Even though the difference in
implementation of both pipeline versions was minor, analysing the similarity of outputs between
versions validates the implemented changes and helps to develop an understanding of the possible

improvements to be made.



Chapter 7

Conclusion and Future Work

After studying the current state of reproducibility frameworks in bioinformatics pipelines, it is
clear that, even though there are multiple solutions in the community, there is not a single platform
that can flawlessly offer reproducible analysis of pipelines. However, DolphinNext has shown to
be the most comprehensive platform, which can guide a user through most stages of a pipeline’s
lifetime. In Chapter 5, a real use-case of pipeline reproducibility was implemented, in which a
pipeline was shared across laboratories, to be replicated across a new environment in the hands
of an unacquainted user. In order to consolidate the work implemented, it is important to draw
some conclusions from the results and establish a roadmap for future work so that the work can be

further developed.

7.1 Conclusion

The present dissertation provides a detailed study of the current state of bioinformatics, specifi-
cally the applications of bioinformatics pipelines and their current limitations. A general overview
of the context and motivation behind this dissertation was given to support the relevance of the
proposed work. After describing the background required to understand the work presented, the
state of the art and its current limitations has been thoroughly reviewed. In order to accurately
propose a concrete solution, a set of requirements and a methodology were defined, in which a
reproducibility model was defined. Lastly, a bioinformatics pipeline was implemented in a local
DolphinNext server, where a framework for a DIND configuration was constructed. Different ver-
sions of the bioinformatics pipeline were constructed, and the respective outputs were compared
through an output similarity tool.

It is essential to highlight the importance of the development of platforms which focus on
offering solutions for pipeline reproducibility. Even though this is a relatively recent necessity,
triggered by the advancements in NGS techniques, the fact that so many platforms are emerging

to tackle this issue is a testament to its importance.
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DolphinNext is a highly feature-rich platform which covers all stages of a pipeline’s lifetime.
However, there are some limitations concerning its functionalities. The fact that the pipeline can
not be executed through Docker in the same machine where the server is deployed is a setback
which could be solved.

Besides that, an embedded comparability analysis similar to the one described in Chapter 5.2
would be very useful to study the determinism of pipelines or even the effect that changes in
a pipeline can have on its output. Comparing outputs is an accurate way of determining how
reproducible a pipeline is; therefore, this feature could be added to the platform.

Finally, even though DolphinNext is an open-source platform, it seems that it is somewhat in-
active. Given its importance, it would be great if there were more contributions from the bioinfor-
matics community to the project. Nevertheless, it is still under development and is well supported.

In conclusion, the studied work described in this document was instrumental since it provided
a reasonably detailed view into the current state of bioinformatics, the specific technologies and
tools currently used to perform bioinformatics analysis and, finally, the main limitations and areas
of improvement. Moving forward, a great foundation is established for the specific work to be

implemented in this dissertation.

7.2 Future work

Even though it is possible to follow a very capable and effective bioinformatics analysis workflow
by using DolphinNext only, it is also evident that there are some limitations in its current state.

Firstly, even though it is an excellent feature that a DolphinNext server can be deployed from
a Docker image, it can only be genuinely portable once it can handle pipeline execution through
Docker. The fact that, currently, it is necessary to make installations and further configurations to
the DolphinNext server container is a hurdle for users wishing to execute pipelines in the same
machine where the server is deployed. This is an actual use case that currently is not supported,
which is problematic since it represents the lowest-effort configuration for researchers to imple-
ment. Even though the reproducibility framework suggested in Section 5.1.1 is a solution for this
issue, it created some unnecessary overhead which could be dismissed by supporting this feature
with DolphinNext.

DolphinNext is very capable in the domain of reporting execution outputs. However, as de-
scribed in Section 5.2, comparing different outputs of a single pipeline or across different pipelines
can also be extremely useful. For this reason, it would be of value to offer the functionality of com-
paring selected outputs in DolphinNext. Since all the pipeline execution outputs are stored in the
platform’s database, it would be intuitive to have the ability to select a set of output files and
compare them. The comparability of outputs could be analysed through methods similar to those
suggested in Section 5.2. This would offer an extensive analysis through a variety of methods and
domains, also making use of community-developed tools which are highly efficient and mature,
such as CompAIRR. However, it should support not only AIRR-formatted outputs and, therefore,

no assumptions regarding the output format should also be made. The results of such similarity
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analysis could then be stored accordingly, where they could be displayed to users through var-
ious reports. Similar metrics could also be displayed through the graphical modules already in
DolphinNext. All these features would bring tremendous value to the platform in that they would
provide further insights into the effects that given changes have on a pipeline’s outputs, as well as
give a better understanding of a pipeline’s determinism.

Finally, even though DolphinNext provides logging functionalities, they are somewhat re-
stricted and not very extensive. Integration with logging platforms could be supported, providing
filtering and searching functionalities in the present and past logs. Even though this is a particu-
lar feature, logging is crucial for troubleshooting and, in general, querying and understanding the

operability of a pipeline.

The road towards reproducibility and data preservation in bioinformatics pipelines is never-
ending. After advancements in NGS technologies, the research community understood the appar-
ent need to tackle such issues. As a response, some platforms have been developed to improve
these characteristics of bioinformatics pipelines. However, they are primarily novel implementa-
tions that still have not been thoroughly reviewed and should therefore be further analysed and

developed, considering the proposed improvements.
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Appendix A

Reproducibility model

In order to better understand the complete context of most bioinformatics pipelines, a fairly com-
prehensive model was developed, detailing the main components of pipelines and how they inter-

act. This model is presented in Figure A.
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Reproducibility model

Figure A.1: Reproducibility model
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Appendix B

Docker stack for DolphinNext Local
Server DIND execution

Here, a simple Docker stack is presented as a complement to the DolphinNext Local Server Docker
image.

Listing B.1 contains the source code for the created Docker image, which build on top of the
provided DolphinNext Local Server image by installing Docker with the necessary permissions.
This way, the deployed container can deploy other child containers, where a pipeline’s computa-
tions will be executed.

On the other hand, listing B.2 contains the source code for deploying the compose stack con-
taining the necessary volume mounts, as well as building and deploying the Dockerfile presented

in Listing B.1.

1 FROM ummsbiocore/dolphinnext-studio:latest

3 RUN sudo apt install apt-transport-https ca-certificates curl software-properties-

common
4 RUN curl -fsSL https://download.docker.com/linux/ubuntu/gpg | sudo apt-key add -
5 RUN sudo add-apt-repository "deb [arch=amdé64] https://download.docker.com/linux/

ubuntu ‘lsb_release -cs' test"

6 RUN sudo apt update

7 RUN sudo apt install docker-ce -y

8 RUN sudo chmod 666 /var/run/docker.sock
9

10 CMD [ "startup" ]

Listing B.1: Dockerfile
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services:
dolphinnext-server:
privileged: true
build:
ports:
- "8080:80"
volumes:
- ${DN_PATH}:${DN_PATH}
- S{DN_PATH}:/export

- /var/run/docker.sock:/var/run/docker.sock

Listing B.2: docker-compose file



Appendix C

Dependency versioning tool

Here, the source code for the developed versioning tool is presented in Listing C.1.
This tool is written in Python3 and imports three packages, argparse, os and re.
Currently, this versioning tool supports MUSCLE and USEARCH, but can easily be extended

to support other common bioinformatics tools.
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import argparse
import os

import re

RE_PATTERN = / (\d+(?2:\.\d+)+)’
INSTALATION_PATHS = {’MUSCLE’: ’'/usr/bin/muscle’,’ USEARCH' :

def printVersion (tool, version):

o

print ("Tool: %s\tVersion: %s" % (tool, version))

def setupParser():

parser = argparse.ArgumentParser ()

parser.add_argument (' ——IGBLAST’, action=’append_const’,
dest='"tools’,
const=' IGBLAST’,
default=[],
help=’'Get IGBLAST version’)

parser.add_argument (' ——MUSCLE’, action=’append_const’,
dest='tools’,
const="MUSCLE’,
default=[],
help=’'Get MUSCLE version’)

parser.add_argument (' ——USEARCH’, action=’append_const’,
dest='tools’,
const="USEARCH’,
default=[],
help=’Get USEARCH version’)

parser.add_argument (' --1list’, action=’version’,

version='Supported tools:\tigblast,

return parser.parse_args () .tools

def getVersions (tools) :
for tool in tools:
if tool == ’"USEARCH’:
stream = os.popen (INSTALATION_PATHS[’'USEARCH'],

output = stream.read()

" /usr/bin/usearch’}

usearch, muscle’)

! ——version’)

version = re.search (RE_PATTERN, output) .group(0)

printVersion(tool, version)
if tool == "MUSCLE’:
stream = os.popen (INSTALATION_PATHS['MUSCLE'],

output = stream.read()

' —version’)

version = re.search (RE_PATTERN, output) .group(0)

printVersion(tool, version)
if _ name_ == "_ main_ ":
tools = setupParser ()

getVersions (tools)

Listing C.1: Versioning Tool
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